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Resumen

La localización de los nodos de una red ad hoc o una red de sensores inalámbrica es de
gran valor y utilidad en el contexto de la Inteligencia Ambiental, ya que posibilita un
gran número de aplicaciones en las que se necesita conocer la posición de los nodos que
realizan las medidas para interpretar la información correctamente y actuar en conse-
cuencia. Algunas de estas aplicaciones pueden ser la gestión de emergencias, la moni-
torización del tráfico, la agricultura de precisión, el control domótico, la monitorización
de pacientes y equipamiento en hospitales, etc. Pero además, independientemente de
la aplicación concreta para la que se despliega la red, el conocimiento de la posición de
los nodos posibilita el desarrollo de algoritmos que aprovechan esta información para
optimizar algunos aspectos de funcionamiento de la red (como el encaminamiento o la
compresión de datos), reduciendo el consumo de energía durante las comunicaciones.

Es bien sabido que en los dispositivos inalámbricos la energía es un recurso escaso, ya
que la alimentación se realiza mediante pilas o baterías de duración limitada. Por esta
razón, es muy importante gestionar eficientemente la energía consumida, ya que de ello
dependerá la autonomía de los nodos y, por tanto, de la red. La gran cantidad de estu-
dios que abordan el tema de la eficiencia energética desde distintos puntos de vista (a
nivel hardware, optimizando el encaminamiento de los datos, etc.) es un indicativo de
la importancia que tiene este asunto en las redes ad hoc y en las redes de sensores. Sin
embargo, pocos han sido los trabajos dedicados a estudiar el consumo de energía durante
el proceso de localización de los nodos de la red.

La localización de los nodos en una red inalámbrica consta normalmente de dos fases
diferenciadas. En la primera, los nodos intercambian una serie de mensajes y realizan
medidas de algún parámetro de la señal radio que reciben de sus nodos vecinos, como
pueden ser el tiempo de llegada o la potencia de señal recibida. Posteriormente, estas
medidas se procesan para determinar la posición de los nodos. Evidentemente, durante
el proceso de localización de los nodos se consume energía, ya que los nodos deben co-
municarse entre sí y, además, realizar algunas operaciones de procesado. Es fundamen-
tal, pues, que la localización se realice de manera eficiente, es decir, consumiendo poca
energía, de modo que la vida útil de la red se prolongue durante el mayor periodo de
tiempo posible.
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En la presente tesis se contribuye a esta idea de localización con eficiencia energética,
mediante la concepción, el diseño, el desarrollo y la evaluación de nuevos métodos y
técnicas de localización para redes ad hoc o redes de sensores eficientes en cuanto al con-
sumo de energía y capaces de obtener una determinada precisión en la estimación de
las posiciones. La tesis se centra en la localización basada en medidas de potencia de
señal recibida, aunque la mayor parte de las técnicas propuestas son igualmente aplica-
bles en otros tipos de localización. En particular, se ha abordado el problema desde los
dos niveles que intervienen en el proceso de localización y que contribuyen al consumo
energético: a nivel de comunicaciones radio y a nivel de procesado de información.

A nivel radio se ha estudiado cómo realizar las comunicaciones entre los nodos de la red
de forma eficiente cuando el objetivo es localizar. Es fácil comprender que este proble-
ma es diferente al de la transmisión eficiente de información a través de la red, ya que
en el caso de la localización el objetivo es conseguir una determinada precisión en las
medidas de los parámetros de la señal (la potencia de señal recibida, por ejemplo) que
se utilizarán para calcular la posición de los nodos, mientras que en la transmisión de
información lo que interesa es recibir correctamente los datos enviados por los distintos
nodos. Así pues, se ha diseñado una estrategia de transmisión de mensajes que garantiza
una determinada precisión en la medida de los parámetros de la señal radio y que, al
mismo tiempo, minimiza la energía consumida durante estas comunicaciones.

Desde el punto de vista del procesado de la información, se han estudiado diferentes
algoritmos para calcular la posición de los nodos a partir de las medidas realizadas de
potencia recibida u otro parámetro radio. Se ha prestado una particular atención a la ro-
bustez de los algoritmos frente a posibles errores en modelado del canal de propagación,
proponiéndose un conjunto de técnicas destinadas a mejorar la precisión de los resul-
tados en situaciones prácticas en las que el canal de propagación no está perfectamente
caracterizado. En general, para una precisión dada de las medidas radio realizadas, los
algoritmos de posicionamiento que consiguen una mayor precisión en el resultado de
localización son computacionalmente más complejos y, por tanto, implican un mayor
consumo energético. Así pues, se ha analizado el compromiso entre eficiencia energética
y precisión de distintos algoritmos y se han establecido algunas pautas para la selección
del algoritmo en función de los requisitos de la aplicación.

Finalmente, para completar esta tesis, las ideas presentadas con anterioridad se han apli-
cado al caso de sistemas de localización híbrida basados en la medida de la potencia
de señal recibida y en la navegación inercial. En particular, se han estudiado diversas
estrategias para combinar ambos tipos de localización de forma óptima, es decir, mini-
mizando el consumo de energía y garantizando una determinada precisión objetivo en el
resultado conjunto de localización.
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Abstract

The localization of the nodes in ad hoc and sensor networks has an enormous value and
utility in the context of Ambient Intelligence, since it enables a great number of applica-
tions in which the position of the nodes that collect the measurements is needed to cor-
rectly interpret the gathered information and act accordingly. Some of these applications
could be emergency management, traffic monitoring, precision agriculture, domotic con-
trol, in-hospital patient and equipment monitoring, etc. Furthermore, disregarding the
specific application for which the network is deployed, knowing the position of the nodes
enables the development of algorithms that leverage this information to optimize some
functional aspects of the network (such as routing or in-network data compression), re-
ducing the energy consumption during communications.

It is well known that energy is a scarce resource in wireless devices, since they are pow-
ered by batteries with limited life-time. For this reason, it is very important to manage the
energy consumption in an efficient way, as this will impact directly on the autonomy of
the nodes and, therefore, of the network. The great number of studies that deal with the
topic of energy efficiency from different points of view (hardware optimization, routing
optimization, etc.) is an indicative of the significance of this issue for ad hoc and sensor
networks. However, little work has focused on studying the energy consumption during
the process of localizing the nodes of the network.

The localization of the nodes in a wireless network embraces two different steps. First, the
nodes exchange a series of messages and perform measurements of some parameters of
the radio signals that receive from their neighboring nodes, such as the Time of Arrival
or the Received Signal Strength. Then, these measurements are processed in order to
calculate the position of the nodes. Clearly, there is some energy consumption during
the localization of the nodes, given that the nodes must communicate and perform some
processing operations. Therefore, it is essential to perform the localization in an efficient
way, that is, consuming a small amount of energy, so that the life of the network can be
as long as possible.

This thesis contributes to this idea of energy-efficient localization by conceiving, design-
ing, developing and evaluating new localization strategies and algorithms for ad hoc
and sensor networks that are efficient regarding the energy consumption and capable of
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achieving a given accuracy in the position estimation. The thesis is focused on received
signal strength -based localization, although most of the proposed techniques are equally
applicable to other kinds of localization. In particular, the problem has been tackled from
the two different levels that take part in the localization process and contribute to the
energy consumption: radio communications and information processing.

Regarding the radio issues, we have studied how to perform the communication between
the nodes in an efficient manner when the goal of this communication is the localization.
It is easy to understand that this problem differs from the efficient transmission of in-
formation through the network, since in the localization case the objective is to achieve a
given accuracy in the measurement of the signal parameters (the received signal strength,
for instance), which will be used to calculate the position of the nodes, whereas in infor-
mation transmission the interest relies on correctly receiving the transmitted data. There-
fore, we have designed a strategy for transmitting localization packets that is able to
achieve a required accuracy in the measurements of the radio parameters and, at the
same time, minimizes the total energy consumption due to the communication of these
localization packets.

From the point of view of information processing, different algorithms have been studied
to calculate the position of the nodes of the network using the received signal strength
measurements or other measurements. A particular attention has been paid to the ro-
bustness of these algorithms to possible errors introduced by the modeling of the prop-
agation channel. We have proposed a collection of techniques aimed at improving the
accuracy of the localization results in practical situations in which the propagation chan-
nel is not perfectly characterized. As a general rule, for a given accuracy in the collected
radio measurements, positioning algorithms that achieve a better accuracy in the local-
ization result have a higher computational complexity and, as a result, a higher energy
consumption. Therefore, the trade-off between energy efficiency and accuracy of the dif-
ferent algorithms has been analyzed and some guidelines for the selection of the more
suitable algorithm depending on the application requirements have been given.

Finally, to complete this thesis, the ideas presented before have been applied to the case
of hybrid localization systems based on the combination of received signal strength mea-
surements with inertial navigation. In particular, we have studied several strategies
aimed at combining these two localization techniques in an optimal manner, that is, min-
imizing the energy consumption and guaranteeing a given accuracy in the combined
localization result.
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CHAPTER1

INTRODUCTION

In 1988 Mark Weiser coined the concept of ubiquitous computing as a new age in comput-
ing in which people interacted with and used computers without thinking about them:
“The most profound technologies are those that disappear. They weave themselves into the fabric
of everyday life until they are indistinguishable from it. [...] Therefore we are trying to conceive
a new way of thinking about computers in the world, one that takes into account the natural hu-
man environment and allows the computers themselves to vanish into the background.” (Weiser,
1995). The ambient intelligence paradigm (Ducatel et al., 2001) is built upon this idea and
refers to the existence of environments in which smart devices work jointly to support
people in carrying out their everyday life activities and interact with them in a friendly
and transparent way. The technology remains hidden and vanish into the surroundings,
allowing the spaces to be centered in the users living in them, so that they can naturally
adapt and respond to the needs, habits and emotions of the users. Under this frame-
work, the “context” (Schilit and Theimer, 1994) of the user becomes a key factor for the
provision of new services.

An example of an ambient intelligence service is to monitor the vital constants of an
outpatient that stays at home from a remote health center. In outpatients telemonitoring
it is necessary to have deployed a collection of sensors (a sensor network) that monitor the
health status of the patient and send the information either to a personal device carried
by the user (a mobile phone, a Personal Digital Assistant (PDA) or a similar device) or to
a remote device in a health center or hospital. To this end, the sensor network needs to
be able to communicate with the outside world using some kind of communication link.
Domotics is another example of ambient intelligence service. Here, a group of sensors
and actuators, normally placed inside a building, allows to automate certain tasks, as
door opening, illumination regulation or temperature regulation, without the need of a
direct interaction with the user and, in addition, allows the user to activate and manage,
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directly or remotely, the devices for environment control (lights, doors, heating, etc.).

Among the enabling technologies for ambient intelligence systems we can point out wire-
less ad hoc networks and wireless sensor networks. Wireless ad hoc networks are very useful
and practical for most ambient intelligence applications because, thanks to their advan-
tages of easy deployment, flexibility, mobility support and autoconfiguration capability,
they can be used in a very friendly and even transparent manner. Besides, an enormous
number of ambient intelligence applications, like the ones mentioned before, require the
use of sensors and sensor networks in order to gather information from the environment
and/or the user and thus to be able to adapt to the potential needs or desires of the user.

The following section includes a brief description of the main characteristics of these
two technologies, while section 1.2 presents the most important research topics and chal-
lenges within this field. Among them, a special attention is given to the topics of energy
efficiency and localization, which are the main concerns of this thesis. The objectives
and contributions of this thesis are presented in sections 1.3 and 1.4 respectively. Finally,
section 1.5 presents the structure of the thesis.

1.1 Characteristics and applications of ad hoc and sensor
networks

Ad hoc networks are collections of autonomous nodes connected with wireless links, that
are deployed for a certain purpose with no preexistent infrastructure or central adminis-
tration. Communication is established directly between nodes or through intermediate
nodes behaving as routers (Sesay et al., 2004; Gavrilovska and Atanasovski, 2005). Ad hoc
networks are capable of self-organizing and self-configuring in order to adapt to changes
in the network topology (due to movement or failure of some of the nodes), as nodes are
able to establish and modify communication routes. Therefore, ad hoc networks can be
easily and rapidly deployed, they are robust and flexible and they include an inherent
support for mobility. But, on the other hand, wireless nodes have a limited size to make
mobility easier and, therefore, they are limited in terms of storage capacity, processing
capacity and energy resources. Moreover, ad hoc networks present a number of techni-
cal challenges that differ from traditional wireless systems and wired networks, in terms
of scalability, reliability, security, quality of service and network management (routing,
medium access control, synchronism, etc.).

Wireless sensor networks are a particular relevant case of wireless ad hoc networks.
These networks are formed by an arrangement of nodes that are deployed in a specific
area of interest with the aim of monitoring certain parameters (Aboelaze and Aloul, 2005;
Akyildiz et al., 2002). Each node of the network is composed of a microprocessor, a radio
transmission/reception system, one or more sensors (or in/out gates to connect exter-
nal devices) and a power supply (see figure 1.1). In this fashion, the nodes of a sensor
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Microprocessor
Radio 

transceiver

Power supply
Connector for 

external sensors

Figure 1.1: A MicaZ mote and its components.

network are capable of measuring certain parameters or detecting events, processing or
storing the gathered information and sending these data to other nodes of the network
or to a central processor, which can itself be connected to the outside world by means of
any kind of communication link. Wireless sensor networks can be composed of a vast
number of nodes that could reach hundreds or even thousands, thus, sensor nodes must
be tiny and inexpensive. Certainly, each of the nodes of the network is usually called
mote, as ideally, for some applications, these nodes should have the size of dust parti-
cles, although nowadays their size is still considerable (few centimeters). Nevertheless,
the price and size of the motes is being reduced progressively; some begin to adopt the
form of clocks, bracelets, rings, etc. or are embedded inside electronic devices as mobile
phones or PDAs. Since the nodes should be low-cost and small, their available resources
in terms of bandwidth, processing capacity, memory and battery are remarkably con-
strained. All the general advantages and drawbacks of wireless ad hoc networks are
also typical in wireless sensor networks (easy deployment, flexibility, self-organization,
strong requirements with respect to autonomy, low consumption, scalability and fault
tolerance, etc.)

The evolution of sensor networks has its origin in military initiatives (Chong and Kumar,
2003). Military systems such as Chain Home, SOSUS or NORAD can be considered as
the predecessors of modern sensor networks. Chain Home was the first complete defense
system developed in the United Kingdom for the Second World War and consisted of a
network of coastal radars for detecting enemy aircrafts and calculate their position and
direction. The SOund SUrveillance System (SOSUS) was a chain of underwater buoys
that were installed between Greenland, Iceland and the United Kingdom during the Cold
War in order to detect soviet submarines using sound sensors. The system was able to
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detect signals with less power than 1 W at a distance of hundreds of kilometers, and
allowed to estimated the position of the submarines by means of a triangulation. The
North American Aerospace Defense Command (NORAD) is a United States and Cana-
dian organization charged with the missions of aerospace warning and aerospace con-
trol for North America. To accomplish these missions it uses a network composed of
satellites, ground-based radars and airborne radars to detect, intercept and, if necessary,
attack, the aerospace threats to North America. All these systems were formed by sens-
ing devices that were able to communicate through wired or wireless links. Research
in wireless sensor networks began in the early eighties with the Distributed Sensor Net-
works (DSN) project of the Defense Advanced Research Projects Agency (DARPA) of the
United States. Since then, sensor networks have evolved towards smaller, lower cost and
less constrained devices, and have capture an increasing interest both from industry and
research institutions. In fact, in February 2003, the Massachusetts Institute of Technol-
ogy (MIT) identified in its magazine of innovation, Technology Review, wireless sensor
networks as the first of the “10 emerging technologies that will change the world”.

This interest in sensors networks has guided several companies to develop different hard-
ware platforms for testing and designing applications for sensor networks. Among them,
we can mention SunSPOT (Sun Microsystems), SquidBee (Libelium), Shimmer (Intel),
ANT nodes (ANT), JCreate (Sentilla) and former Crossbow’s platforms: Mica2, MicaZ,
Cricket, Telos, Iris and Imote2, recently acquired by Memsic. Regarding the software, op-
erating systems as TinyOS (TinyOS Community Forum, 2009) or Contiki (Contiki web-
site, 2010), and programming languages as NesC have been especially designed for these
resource-constrained devices, although recently, higher level languages have been also
used, as Java and .NET platform.

Wireless sensor networks have applications in many different areas:

• Military applications: enemy forces monitoring, battlefield surveillance, detection
of biological, chemical or nuclear attacks, etc.

• Environmental applications: wildlife tracking, crop monitoring, irrigation, preci-
sion agriculture, fire detection, flood detection, contamination studies, prevention
of natural disasters, monitoring of affected areas, etc.

• Medical applications: patient remote monitoring, diagnosis, administration of med-
ication, tracking of equipment, patients and doctors in hospitals, etc.

• Domotic applications: control of appliances, control of ambient conditions, smart
environments, etc.

• Industrial applications: vehicle tracking, fleet control, inventory control, etc.

• Tourist applications: interactive museums, access control, etc.
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These applications can be classified in several categories according to their way of using
the sensor network.

The first category is continuous monitoring. In this case the network nodes are continu-
ously measuring certain parameters in the zone of interest, and the gathered data are
sent periodically to a sink (a node that collects all the information from the network).
Crop ambient conditions control and monitoring the physical activity of a rehabilitation
patient or a sportsman are some examples of this kind of applications. The Great Bar-
rier Reef Ocean Observing System (GBROOS) (GBROOS website, 2009), managed by the
Australian Institute of Marine Science, and part of the IMOS project (Integrated Marine
Observing System) (IMOS website, 2009) is another example of a continuous monitoring
system. GBROOS is an observation network that seeks to understand the influence of the
Coral Sea on the Great Barrier Reef. As part of the network, a series of sensor networks
are being deployed on reefs on the Great Barrier Reef to monitor the health status of the
corals (see figure 1.2). The aim of these sensor networks is to relay real-time informa-
tion about conditions on the reef including atmospheric (meteorological) conditions and
in-water parameters such as temperature, salinity and wave height.

(a) Base station (b) Relay node (c) Buoy

Figure 1.2: Components of the GBROOS sensor network. The main sensors are mounted on buoys, which
transmit data to relay nodes. Relay nodes are used to mount weather stations and to send the sensor data
to a base station, which transmits these data back to the mainland. Source: IMOS website (2009)

The second category is event-based monitoring. In this way of using the sensor network the
sensor nodes are continuously monitoring certain parameters of the area of interest, but
only send the information to the sink when an event is detected. An event-based moni-
toring application could be the detection of wildfires. In this case, a collection of sensors
would be deployed in a forest, for example, and the sensors would be continuously mon-
itoring parameters as the air temperature, the ground temperature or the smoke level.
When one of the sensors detected that the temperature at a given place has exceeded a
given threshold, or when smoke is detected at a given spot, the sensor node would send
this information to the sink, that could itself send an alarm to the corresponding control
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center. Another example of event-based monitoring is the volcanic activity monitoring
project of Harvard University (Volcano monitoring project website, 2009; Davies et al.,
2006; Werner-Allen et al., 2005; Werner-Allen, Lorincz, Ruiz, Marcillo, Johnson, Lees and
Welsh, 2006; Werner-Allen, Lorincz, Johnson, Lees and Welsh, 2006). In this project six-
teen nodes equipped with seismoacoustic sensors were deployed on Volcán Reventador,
an active volcano in northern Ecuador. The sensors were continuously collecting seismic
and acoustic data and used an event detection algorithm in order to detect interesting
volcanic activity (see figure 1.3). When a sensor node detected an interesting event, it
sent the information wirelessly through multiple hops using the other nodes as routers
to a base station. If the base station received several notifications from several nodes dur-
ing a given time interval, it began to gather the information from all the sensors in order
to capture all the information from the possible volcanic activity.

Figure 1.3: Harvard volcano monitoring sensor network architecture. Source: Volcano monitoring project
website (2009)

The last category in which we can classify sensor networks applications is localization and
tracking. In this type of applications, the nodes are used to label and localize objects, peo-
ple or animals inside a particular region of interest. An example could be the tracking
of a worker in his working environment. Another example of a sensor network used
for localization and tracking is the one developed by the ZebraNet project of Princeton
University (Juang et al., 2002). The aim of this project was to monitor and study animal
migrations and inter-species interactions with the help of sensor networks. In particular,
they developed a network of wireless sensing devices that were attached to collars and
put on zebras at the Mpala Research Center in central Kenya to monitor their moves.
The nodes included a GPS receiver to determine the position of each animal and other
sensors to determine the activity of the animal (eating, sleeping, running, etc.). Position
measurements were collected periodically and transmitted to a base node, directly or
through other intermediate nodes. The base node was carried by researchers that trav-
eled through the savanna during several hours each day. In this way, with all the gathered
information, the movements of the animals could be analyzed.
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Clearly, hybrid applications that combine several of the mentioned modes of using the
sensor networks also exist. An example of a sensor network that combines continu-
ous monitoring, event-based monitoring and localization is Harvard CodeBlue project
(Malan et al., 2004; Lorincz et al., 2004; CodeBlue project website, 2009), that aims at us-
ing sensor networks for medical care and emergency response. Usually, when there is
a large number of casualties in an emergency, medical personnel use to first inspect the
emergency area classifying the injured according to the severity of their condition. This
process is called triage and is accomplish by assigning a color tag to each patient. Red
color indicates a life threatening injury that must be immediately attended; yellow indi-
cates that the patient has a severe injury but can wait; green indicates a minor injury and
black means deceased or without surviving possibilities. In this project, triage electronic
systems were designed to classify patients automatically and quickly by integrating a
pulse oximetry signal-processing module with Mica2 nodes. The vital sign data from
multiple patients could be relayed either to a wired base station (such as a PC or laptop)
or directly to multiple handheld PDA devices carried by emergency medical technicians
(EMT), physicians, or nurses. The devices were also able to detect a worsening of the
health status of a patient and send an alert. Furthermore, the sensors could be localized
using the Motetrack architecture (Lorincz and Welsh, 2007), what was useful if someone
tried to leave the attention area.

To sum up, wireless ad hoc networks, and in particular wireless sensor networks, exhibit
a series of advantages that make them very appropriate for ambient intelligence appli-
cations. Nevertheless, as commented before, they also present a collection of technical
challenges, different from conventional networks, that need to be studied. In the follow-
ing section, the key research topics and challenges regarding wireless sensor networks
are revised.

1.2 Key research topics in ad hoc and sensor networks

Nowadays, wireless ad hoc and sensor networks are subject matter of intense research
activities that aim at solving the main technical challenges (Sun, 2001; Chlamtac et al.,
2003; Loo, 2004; Mohapatra et al., 2004) that appear in these types of networks and did
not appear in conventional networks. This section presents some of the most important
research topics and challenges in the field of ad hoc and sensor networks.

1.2.1 Routing

Routing data packets in an ad hoc network is not a simple problem (Mohapatra et al.,
2004; Milanovic et al., 2004), first because the network topology is continuously chang-
ing and second because multi-hop communication is required. Ad hoc networks must
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support all kinds of communication that infrastructure-based networks support, such as
unicast, multicast, anycast and broadcast. Furthermore, these networks can also support
other communication modes, such as geocast and content-based routing. Basically, there
are two types of routing algorithms: proactive routing protocols and reactive routing
protocols. In proactive routing protocols each node maintains a table with the routing
information, which is updated periodically. Reactive protocols are on demand and con-
sist in finding the route only when there is a request. Proactive algorithms have a lower
end-to-end delay, as the routing information is always available and up to date; however,
they need more resources, as the routing information needs to be updated periodically.
Researchers are now trying to find the optimal balance between reactive and proactive
routing protocols in order to reach a trade-off in terms of latency and overhead in route
discovery and maintenance, depending on the traffic load and the mobility patterns. The
development of scalable routing protocols that take into account the energy consumption
and the battery level at the network nodes is also a key topic, as it will enable routing in-
formation in networks with a high number of nodes and under heavy traffic conditions.
Some interesting reviews of routing protocols for ad hoc and sensor networks can be
found in (Royer and Toh, 1999), (Akkaya and Younis, 2005) and (Al-Karaki and Kamal,
2004).

1.2.2 Security and reliability

Wireless ad hoc and sensor networks have the same requirements regarding security, re-
liability, confidentiality, integrity and availability as any other communication network;
nevertheless, due to the inherent characteristics of these networks, security-related prob-
lems are more important and their solution is more complicated (Zhou and Haas, 1999;
Perrig et al., 2002, 2004; Milanovic et al., 2004). First, as ad hoc networks use wireless
communications, it is easier to have access to the medium. Therefore, it is essential to
develop security protocols in order to protect transmissions privacy, especially in those
applications in which privacy is imperative (banking applications, medical applications,
etc.). In addition, wireless communications usually present some problems due to in-
terfering signals, weak signals, limited transmission range, the broadcast nature of the
wireless channel, mobility-induced packet losses and data transmission errors. There-
fore, special attention needs to be put on fault-tolerant algorithms. Finally, the absence
of infrastructure makes authentication, certification and key management schemes very
different from other communication networks, as it is not possible to have a third cer-
tification and/or authentication authority to create trusted relationships by exchanging
private/public keys. Furthermore, energy and computational limitations prevent the use
of complex encryption algorithms.
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1.2.3 Quality of service

As in wired networks, quality of service protocols are used to give priority to some data
over others with the aim of reserving resources for some applications while maintaining,
at the same time, enough bandwidth for the rest of the communications. However, due to
resources limitations and constant changes in the environment (node movement, hidden
terminals, fluctuating link characteristics, etc.), it is very difficult to offer fixed guaran-
tees in the services provided to a given device. Even reserving resources, the quality of
service is not guaranteed, due to the changes in the network topology and the frequent
disconnections. Therefore, providing quality of service at different levels is a complex
process that requires a profound research (Chakrabarti and Mishra, 2001).

1.2.4 Internetworking

The mobility of a node in an ad hoc network is quite different from that of infrastructured
networks, as in the traditional case only the terminal nodes at the last hop of the network
can move, whereas in an ad hoc network all the nodes can move and serve both as router
and host at the same time. The integration between the mobility management schemes
of ad hoc and traditional networks is necessary to communicate both types of networks.
Furthermore, in many cases, the devices of an ad hoc network have to communicate with
an external network (like Internet) and be accessible from external terminals. Therefore,
it is necessary to establish internetworking protocols between ad hoc networks and other
networks (mainly IP networks).

1.2.5 Energy consumption

Energy is a limited resource in wireless devices powered by batteries. For this reason,
it is crucial in ad hoc networks to manage the energy consumption in a efficient way, as
this will impact directly on the autonomy of the nodes and, therefore, of the network.
In infrastructure-based networks the tactic to reduce energy consumption is to move the
communication and computation efforts to the fixed infrastructure, so that the wireless
devices minimize their consumption. However, in ad hoc networks this is not possible,
as every node has to contribute to maintain the network connections. Hence, the aim is
usually to minimize the global energy consumption in the network or to maximize net-
work lifetime. Energy conservation has been largely considered in the hardware design
of the mobile terminal, but significant additional power savings may result by incorpo-
rating low-power strategies into the design of network protocols across multiple layers
(Jones et al., 2001; Anastasi et al., 2009) from the operating system, physical layer, MAC
sublayer, network layer, up to the application layer.
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The design of the physical layer from an energy efficient perspective has received con-
siderable attention (Chandrakasan and Brodersen, 1995) and many energy efficient tech-
niques for the physical layer have been proposed, such as variable clock speed CPUs
(Govil et al., 1995), flash memory (Marsh et al., 1994), and disk spindown (Douglis et al.,
1994).

In the MAC layer, the EC-MAC (Energy Conserving-Medium Access Control) (Sivalingam
et al., 2000) and PAMAS (Power Aware Multi-Access) (Singh and Raghavendra, 1998)
protocols were developed with the energy efficiency as the primary design goal, the for-
mer for infrastructure-based networks (although it is applicable in ad hoc networks) and
the latter specifically for ad hoc networks. In the LLC sublayer several protocols have
been designed to achieve an efficient error control in ad hoc networks, like the ones de-
scribed by Zorzi and Rao (1997a,b); Lettieri et al. (1997); Agrawal et al. (1996); Narendran
et al. (1982).

In the network layer many routing algorithms have been proposed to maximize the en-
ergy efficiency in ad hoc and sensor networks. To this end, traditional metrics like mini-
mizing the number of hops are not enough, it is also necessary to prevent some nodes be-
ing chosen as routers more often than the others in order to balance the energy consump-
tion at each node of the network (Shah and Rabaey, 2002; Singh et al., 1998). Geographic
routing protocols (Seada et al., 2004), that use the information about the position of the
nodes to route traffic more efficiently, have an special interest. There are also some pro-
posals to combine routing decisions with decisions about the transmission power level:
it is a question of finding a trade-off between reaching in one hop the highest number of
neighboring nodes using the highest transmission power and reaching a lower number
of neighbors but using a lower transmission power.

Conventional transport layer protocols, such as the Transmission Control Protocol (TCP),
degrade significantly their performance over wireless links, as they confuse packet errors
and losses due to handoff with channel congestion, increasing the number of retransmis-
sions and, therefore, the energy and bandwidth consumption. In order to reduce these
effects, different schemes that aim at reducing the number of retransmissions have been
proposed. These schemes can be classified into three categories: split connection proto-
cols (like Indirect-TCP (Bakre and Badrinath, 1995), Berkeley Snoop Module (Balakrish-
nan et al., 1995) and M-TCP (Brown and Singh, 1997)), link layer protocols (like AIRMAIL
(Ayanoglu et al., 1995)) and end-to-end protocols.

Some techniques have also been proposed to reduce energy consumption of the operat-
ing system, as for example, designing the CPU to be operated at lower speeds by scal-
ing down the supply voltage and at the same time maintaining the same throughput by
means of architectural techniques like pipelining and parallelism. Another technique of
power management at this layer is predictive shutdown, that consists in shutting down
the system during the periods of inactivity. TinyOS is an example of a low power operat-
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ing system that is used in many commercial sensor networks.

Regarding the application layer, some of the research being conducted with respect to
power conservation includes load partitioning between the mobile terminal and the base
station, using proxies or using embedded indexing to access databases.

The great number of studies that deal with the topic of energy efficiency is an indicative
of the significance of this issue for ad hoc and sensor networks.

1.2.6 Localization

Another key aspect of ad hoc and sensor networks in which a great research effort is be-
ing put is that of the localization of the network nodes. We have mentioned previously
in this chapter that the context of the user was an essential element for envisaging ambi-
ent intelligence services. Among the different parameters that model the context of the
user (identity, preferences, emotions, time, temperature, light, biometric or activity data,
etc.) one of the most basic and meaningful descriptors is the position, that is, the place
where the user is. "Little is more basic to human perception than physical juxtaposition, and so
ubiquitous computers must know where they are. (Today’s computers, in contrast, have no idea
of their location and surroundings.) If a computer merely knows what room it is in, it can adapt
its behavior in significant ways without requiring even a hint of artificial intelligence." (Weiser,
1995).

The localization of the nodes of a wireless ad hoc or sensor network can provide useful
information about the geographical position of a person, animal or object associated to
a wireless node at a given moment. Therefore, countless applications can be imagined
based on this information, which could be given either physically (spatial coordinates
with respect to a given reference system) or symbolically (specified by predefined zones).
Some examples could be the study of the behavior of wild animals (as in the ZebraNet
project (Juang et al., 2002)) or the automatic management of resources in emergency situ-
ations (as in Harvard CodeBlue project (Malan et al., 2004)).

In a few words, the localization of the nodes in a sensor network or, in general, in an
ad hoc network has an enormous importance and value in the context of ambient intelli-
gence, since it makes possible a great number of applications in which the position of the
nodes that collect the measurements is needed to correctly interpret the gathered infor-
mation and act accordingly. Furthermore, disregarding the specific application for which
the network is deployed, position information can also be used to design algorithms and
methods that take advantage of this information about the position of the nodes to reduce
the energy consumption during communications. For example, position-based routing
algorithms (Mauve et al., 2001; Stojmenovic, 2002) find energy-efficient routes to send
the information through the network thanks to the knowledge about node positions. En-
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route data compression schemes (Pattem et al., 2008; Tarrío et al., 2009) can also use this
position information to exploit the correlation of the data collected at close locations in
order to reduce the energy consumption during data gathering. To sum up, location in-
formation provides a great deal of possibilities and this is the reason why localization in
wireless networks is becoming a very active research field.

The localization of the nodes in a wireless network embraces two general steps. First,
the nodes measure some parameters of the signals that are exchanged between them, for
example, the Time of Arrival (TOA), the Angle of Arrival (AOA) or the Received Signal
Strength (RSS). Then, these measurements are processed in order to calculate the position
of the nodes. It should be noted that, clearly, there is some energy consumption during
the localization of the nodes, given that the nodes must communicate and perform some
processing operations. As mentioned previously, the efficient management of the energy
of each node is a crucial issue in ad hoc and sensor networks, as it impacts directly on
the amount of time that the network works autonomously. Therefore, it is essential to
perform the localization in an efficient way, that is, consuming a small amount of energy,
so that the life of the network can be as long as possible.

This thesis will contribute to this idea of energy-efficient localization by conceiving, de-
signing, developing and evaluating new localization strategies and algorithms for ad hoc
and sensor networks that are efficient regarding the energy consumption.

1.3 Objectives, methodology and application scenarios

The main goal of this thesis is to conceive efficient localization methods and techniques
for ad hoc and sensor networks, mainly based on the measurement of the received sig-
nal strength. We will study, analyze and propose various strategies aimed at localizing
the nodes in an ad hoc network with a specific accuracy and little energy consumption.
Moreover, a localization system based on these methods and characterized by a good
accuracy in the results and low energy consumption will be designed and implemented.
To this end, the problem will be tackled from the different levels that take part in the
localization process.

Regarding the communications and radio issues, we design a communication scheme for
transmitting and receiving localization packets that is able to achieve localization results
with the required accuracy and, at the same time, consume the lowest possible amount
of energy. The fundamental idea for conceiving this scheme is that in order to obtain a
certain accuracy in the localization result, the measurements taken between the nodes
also need to have a particular accuracy, and this can be obtained by averaging a series
of measurements collected during a given temporal interval. If these measurements are
taken from the radio packets that are transmitted and received by the network nodes,
which is usually the case in wireless ad hoc localization, in order to collect the required
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number of measurements it is necessary to receive a particular number of packets during
the considered interval. To this end, and taking into account that packet loss can arise
during communication, a sufficient number of packets should have been transmitted:
either a few packets at a high transmission power, so that the loss probability is low, or
many packets with a low transmission power, so that the loss probability is higher but the
necessary number of packets is still received. Considering this trade-off, a transmission
scheme is designed aiming at minimizing the total energy consumption due to the com-
munication of these localization packets. Clearly, the result depends on the modulation
and codification of the information and on the characteristics of the radio channel.

From the point of view of information processing, different algorithms will be designed
to calculate the position of the nodes of the network using the received signal strength
measurements. Algorithms with different capabilities in terms of localization accuracy
and energy efficiency will be proposed. Therefore, several choices will be available to
choose depending on the requirements of the application.

Furthermore, these ideas regarding the joint optimization of accuracy and consumption
of RSS-based localization systems are then applied to hybrid localization techniques com-
bining RSS-based localization with dead reckoning (DR) approaches, which have been
recently proposed to increase the accuracy of plain RSS-based localization.

The different parts of the localization system will be also implemented and a demo pro-
totype will be deployed in order to evaluate the localization accuracy and the energy effi-
ciency of the different parts of the system in a real scenario. For this purpose, we will use
a sensor network composed of MicaZ motes, which have a 2.4 GHz IEEE 802.15.4 com-
pliant radio transceiver and can be programmed using NesC language under TinyOS.

The central application scenario that we will consider in this thesis is an ad hoc network
deployed in an indoor environment in which the nodes communicate wirelessly and are
capable of taking measurements of some parameter of the radio signal, mainly the RSS,
although we will also consider the possibility of having nodes that can measure the TOA.
We will also suppose that some of the nodes can move while others are placed at fixed
and known positions (reference nodes), so that the position of the mobile nodes can be
determined with respect to the positions of the reference nodes.

An example of such a scenario could be a sensor network deployed in a mine to monitor
the ambient in order to detect collapses, noxious fumes, etc., and send alarms to the
workers if an emergency occurs. The sensors deployed at the mine would stay fixed at
known positions and the workers would carry mobile sensors that would be localized
with respect to the infrastructure in order to know at every moment the position of the
workers and be able to manage a possible evacuation in a personalized and efficient
manner.

Another example would be a sensor network deployed in an old people’s home with the
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purpose of monitoring the patients and being able to act quickly in case of an emergency.
In this scenario, a group of nodes would be distributed inside the home and the patients
would carry at every moment a personalized sensor node (adapted to their needs or
illnesses) with the aim of monitoring their vital signs and their health status. The po-
sition of these sensors would be calculated with respect to the reference nodes, so that
the personnel would know the location of the patients and, in particular, in the case that
the sensors of a patient detected a dangerous situation (health problems, falls, etc.), the
medical personnel could go to the place and act rapidly.

Finally, another possible scenario, very similar to the previous one regarding the objec-
tives of this thesis, would be an ad hoc network deployed in an outdoor environment in
which all the nodes of the networks are able to move. In this case, some of the nodes
would know their position through other means, such as a GPS receiver, and could act as
reference nodes.

1.4 Contributions

The contributions of this thesis can be classified into theoretical/conceptual and experi-
mental/practical contributions.

Theoretical contributions refer to the design or proposal of new techniques and algo-
rithms to improve state-of-the-art localization systems from the point of view of the ac-
curacy or the energy efficiency. These contributions can be summarized as follows:

• Design of a communication strategy for energy-efficient localization. We design a com-
munication scheme for the transmission of localization packets that can achieve a
desired accuracy in the measurement of the received signal strength (or any other
radio parameter). The basis of this transmission strategy is to modify the trans-
mission power and the packet transmission rate in order to achieve the required
accuracy, which is determined by the number of measurements that need to be col-
lected during a given time interval or localization period. The scheme minimizes
the energy that is consumed during the communication of these localization pack-
ets, according to the objective of this thesis.

• Design of a localization technique based on parametric channel models. The idea of us-
ing channel models with variable parameters arises from the understanding that
most of the localization errors are produced because the channel model that is used
to convert received signal strength measurements into distance estimations do not
acceptably characterize the real propagation conditions (usually, localization tech-
niques use isotropic channel models that do not consider obstacles and that are
either purely theoretic or based on a few measurements collected at a given mo-
ment under the supposition that the channel will remain invariant over time). We
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propose a technique that uses a flexible model, in which the parameters are allowed
to change, that reduces the localization error with respect to other methods based
on fixed channel models.

• Design of two weighted least squares positioning techniques, based on the classical hy-
perbolic and circular positioning algorithms. The known weighted least squares
bayesian technique is applied to improve the accuracy of the localization results of
the classical positioning algorithms. It is well known that to obtain an improve-
ment with this technique it is necessary to know the noise covariance matrix, so
this implies that it must be adapted to the statistics of the localization problem. We
have modeled the statistical performance of the radio measurements and derived
weighting factors based on the variance of the distance estimates to improve the
performance of the positioning algorithms by giving more weight to the most ac-
curate measurements and less weight to the measurements with higher errors. The
proposed techniques do not only produce better localization results with a very
limited overhead in terms of computational cost, but achieve a greater robustness
to inaccuracies in channel modeling.

• Proposal of averaging the measurements collected at close positions with the objective of
reducing the variance of the measurements and so improving the accuracy of the
localization results. It can be proved that for some deployments, for example Cross-
bow MicaZ devices in an indoor environment, this average provides better results
than temporal averaging, since the variability of the RSS measurements when the
position of the node changes is higher than over time. When the nodes that need to
be located are mobile nodes, this technique is equivalent to average measurements
that were taken consecutively over time, provided that the speed of the mobile node
is taken into account in order to collect the measurements at close positions.

• Design of an efficient communication strategy for combined RSS+DR localization systems.
We extend the ideas presented for efficient RSS-based localization to the case of
combined RSS+DR localization systems, and RSS+PDR (Pedestrian Dead Reckon-
ing) localization systems. In particular, we design a strategy that jointly optimizes
the RSS localization frequency and the number of radio measurements at each lo-
calization with the aim of minimizing the energy consumption due to the radio
communications while achieving a desired accuracy in the localization results.

Experimental contributions include real deployments and simulation experiments that
were carried out to characterize and evaluate different aspects of the localization systems,
especially those related to energy consumption and localization accuracy.

• Experimental characterization of an indoor radio environment. In order to design local-
ization algorithms based on the measurements of certain parameters of the radio
signals, like the received signal strength, it is necessary to understand and model
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the characteristics of the radio channels. Therefore, we have carried out an exhaus-
tive experimental study in order to characterize the behavior of the received signal
strength in indoor environments. We have studied the dependence of the RSS with
the distance between the nodes (a key study to determine channel models that are
used in localization techniques) and the influence of the presence of objects of differ-
ent materials, people, walls or other obstacles. We have also analyzed the variability
of the received signal strength with time and with node movements. The first part
of the study was carried out in an anechoic chamber with MicaZ motes and then
we repeated the experiments in a realistic environment (the laboratory in which the
localization system was deployed) using MicaZ motes, WiFi and Bluetooth devices.

• Evaluation of the communication strategy for energy-efficient localization using numerical
simulations. We carried out an extensive set of simulations to evaluate the perfor-
mance of the proposed communication scheme under different circumstances.

• Implementation of a numerical simulator for RSS-based localization. We implemented a
simulation environment that allows the evaluation of RSS-based positioning tech-
niques. The simulator models a wireless sensor network composed of reference and
mobile nodes that exchange localization packets through the wireless channel, and
obtains a collection of simulated RSS measurements corresponding to a particular
set up. The number of nodes, their position, their consumption characteristics and
the characteristics of the propagation channel are selectable by the user, in order to
model different situations. The simulator also includes the possibility of loading
real RSS data collected in real field experiments. A number of positioning algo-
rithm that use either the simulated or the real RSS data were implemented (such
as the weighted least squares techniques, the classical least squares techniques and
the proposed parametric technique). The simulator provides useful results for the
evaluation of the different positioning algorithms, such as the average accuracy and
the global energy consumption.

• Evaluation of the weighted least squares positioning algorithms and the parametric tech-
nique through numerical simulations. We carried out a series of simulations to eval-
uate and compare the performance of the proposed weighted algorithms and the
parametric technique with the classical algorithms under different conditions. From
these experiments we extracted some guidelines to decide under which circum-
stances each algorithm should be chosen.

• Implementation of the weighted least squares positioning algorithms. The proposed posi-
tioning algorithms were implemented on a real sensor network composed of MicaZ
devices. The classical hyperbolic and circular positioning algorithms were also im-
plemented as comparison. This practical implementation was useful to evaluate the
suitability of the proposed algorithms for this kind of resource-constrained devices.
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• Deployment of a complete localization system. A sensor network testbed composed
of MicaZ motes was deployed in a laboratory area to test the proposed localiza-
tion techniques and algorithms. Several RSS-based localization systems were im-
plemented using this testbed. Furthermore, a WiFi infrastructure and a Bluetooth
infrastructure were deployed in the same area and different localization techniques
were also tested with these technologies.

• Implementation of a numerical simulator for combined RSS+DR localization systems. We
extended the implementation of the RSS-based localization simulator to include
hybrid localization systems featuring RSS-based localization and dead reckoning
approaches. The dead reckoning simulation includes a mobile node that moves
through the area of interest following a given trajectory, from which a set of inertial
measurements is obtained. The type of trajectory and the noise and consumption
parameters of the inertial sensors are selectable by the user. The simulator also
includes the possibility of loading real inertial data collected in real field experi-
ments. Two types of dead reckoning algorithms were implemented, one based on
measurement integration, and the other one based on step counting. The simula-
tor provides useful results for the evaluation of the different localization strategies,
such as the evolution of the accuracy and the energy consumption of the different
components.

• Evaluation of the strategy for energy-efficient RSS+DR localization using numerical simu-
lations. We carried out an extensive set of simulations to evaluate the performance
of the proposed strategy under different circumstances.

1.5 Document structure

This thesis is divided into seven chapters; apart from this first introductory chapter, the
rest of the document is structured as follows:

Chapter 2 reviews the state of the art in localization technologies and techniques. This
chapter begins with a survey of the different technologies that can be used to calculate
the position of an object and analyzes their suitability for wireless ad hoc and sensor net-
works. Next, radiolocalization techniques are examined in detail and their fundamentals
are explained. A special stress is given to received signal strength techniques. Once these
aspects are analyzed, we include a comparative review of several localization systems
based on these techniques that are supported by different radio technologies. Finally, the
last section is devoted to localization systems, techniques and algorithms that take into
consideration the energy consumption. In this way, chapter 2 aims at introducing the
general concepts and describing the current situation of the development of localization
systems, methods and techniques, that will be later used in the following chapters.
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As we will see, keeping simplicity, low cost and practical concerns in mind, we have fo-
cused this thesis on RSS-based localization using channel modeling approaches. Chapter
3 presents the fundamentals of these channel modeling techniques, which will serve as a
technical background for the rest of the thesis. The first part of the chapter is devoted to
the characterization of the radio signal, since in order to design localization techniques
based on the measurement of certain parameters of the radio signals, such as the received
signal strength, it is necessary to be aware of the characteristics of the radio environments.
After a statistical analysis of the radio parameters that can be measured from the radio
signals (e.g. RSS or TOA), we include an experimental characterization of the RSS mea-
surements in an ideal radio environment (an anechoic chamber) and a set of experiments
in a typical indoor radio environment, with furniture, walls, doors, and people sitting
or walking. This experimental characterization will be later used to adjust the localiza-
tion techniques and algorithms proposed in chapters 4 and 5. The second part of this
chapter aims at studying the statistical characteristics of the distance estimations that can
be obtained from these radio measurements. Finally, the chapter ends with a revision
of state-of-the-art positioning algorithms, used to estimate the position of the unknown
node using the set of estimated distances.

As mentioned before, the localization of the nodes in a wireless network embraces two
general steps. First, the nodes measure some parameters of the signals that are exchanged
between them, and then, these measurements are processed in order to calculate the
position of the nodes. Chapter 4 focuses on reducing energy consumption during the
communication step. After a revision of different strategies that have been proposed for
reducing energy consumption during localization, it includes the design of a communi-
cation scheme for transmitting and receiving localization packets that is able to achieve
localization results with a particular accuracy and, at the same time, consume the low-
est possible amount of energy. Finally, the performance of the proposed communication
strategy is evaluated using numerical simulations.

Chapter 5 focuses on the algorithms that process measurement data to provide an esti-
mation of the position of the nodes. The chapter begins with a revision of state-of-the-art
positioning algorithms and continues with the proposal of new techniques that search for
a good trade-off between localization accuracy and energy efficiency (in this case, compu-
tational cost). First, the weighted hyperbolic and circular algorithms are described and
evaluated through simulations and a real deployment and compared to classical tech-
niques. Next, a positioning technique based on parametric channel models is described,
evaluated and compared with classical techniques that consider fixed channel models.
The chapter finishes with the proposal of some criteria to choose between the different
techniques depending on the accuracy and energy efficiency requirements of the appli-
cation.

Chapter 6 targets at hybrid localization systems that combine RSS-based localization with
dead reckoning techniques. After a description of dead reckoning techniques and their
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combined use with RSS-based localization systems, the chapter focuses on the design
of energy efficient localization strategies for this kind of hybrid systems. Following the
ideas presented in the previous chapters, the accuracy and the energy consumption are
jointly considered. In particular, a strategy is proposed that optimizes the RSS localiza-
tion frequency and the number of RSS measurements at each localization with the aim of
minimizing the energy consumption due to the radio communications while achieving
a desired accuracy in the localization results. Finally, the performance of the proposed
strategy is evaluated using numerical simulations and real field experiments.

The thesis ends with chapter 7, that includes the conclusions of the work and the propos-
als of future research lines.
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CHAPTER2

STATE OF THE ART IN LOCALIZATION

TECHNOLOGIES AND TECHNIQUES

Many emerging applications of wireless networks, such as context-aware applications,
ambient intelligence or augmented reality, rely on the knowledge of the position of the
user or the surrounding objects to provide useful information and services.

This chapter reviews the state of the art in localization technologies and techniques. The
chapter begins with a survey of the different technologies that can be used to calculate
the position of an object and analyzes their suitability for wireless ad hoc and sensor net-
works. Next, radiolocalization techniques are examined in detail and their fundamentals
are explained. A special attention is given to received signal strength techniques. Once
these aspects are analyzed, we include a comparative review of several localization sys-
tems based on these techniques that are supported by different radio technologies. Fi-
nally, the last section is devoted to localization systems, techniques and algorithms that
take into consideration the energy consumption. In this way, this chapter aims at intro-
ducing the general concepts and describing the current situation of the development of
localization systems, methods and techniques, that will be later used in the following
chapters.

2.1 Localization technologies

A wide variety of technologies have been used to develop systems that automatically lo-
cate people and objects and research on this topic continues to be very active (Hightower
and Borriello, 2001; Gezici, 2008). Nowadays, the most wide-spread technology for out-
door localization is the Global Positioning System (GPS) (Kaplan and Hegarty, 2006). This
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system relies on a constellation of satellites (see figure 2.1) that provides worldwide cov-
erage and allows the GPS receivers to compute their position with an accuracy of a few
meters. The position is computed by measuring the time of arrival of the signal from
at least four satellites and applying then a multilateration technique. GPS has become
an important utility for an increasing number of civil and commercial applications and
is currently used by hikers, cars, search-and-rescue teams, aircrafts, etc. The standard
positioning service (SPS), informally known as the civil service, provides a horizontal
accuracy of about 3.8 m and a vertical accuracy of 6.2 m (Groves, 2007).

Figure 2.1: GPS constellation, composed nominally of 24 satellites (maximum of 36) in Medium Earth
Orbits at an altitude of 20.200 km.

Mobile telephony cellular networks can also be used to provide location information in out-
door environments. The simplest technique in this case is cell identification, in which the
mobile device is located inside the coverage area of the base station to which the device
is connected. The accuracy of this method can be as good as a few hundred meters in
urban areas, but as poor as 35 km in suburban areas and rural zones. Nevertheless, there
are other cellular localization techniques that provide a greater accuracy, such as the ones
based on the measurement of the Time of Arrival (TOA), the Angle of Arrival (AOA)
or the Time Difference of Arrival (TDOA) or on using GPS or Assisted GPS (A-GPS).
These localization techniques experienced a great development after the E-911 norm (E-
911 Requirements, 2009; Reed et al., 1998) of the Federal Communications Commission
of the United States, which established that in 2005 the emergency calls had to be located
with accuracy between 50 m and 300 m. In Europe, the emergency call service E-112
is not so demanding and many times only cell localization is performed, although many
European mobile operators have commercialized position-based services targeting at dif-
ferentiating from their competitors and increasing their incomes. The survey articles by
Drane et al. (1998); Caffery and Stuber (1998); Zhao (2002); Sun et al. (2005); Sayed et al.
(2005); Gustafsson and Gunnarsson (2005) provide further information about positioning
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in cellular networks and associated standardization.

In indoor environments localization solutions based on GPS or cellular networks do not
work correctly: GPS signal strength is too low to penetrate buildings and cellular lo-
calization does not provide enough accuracy. However, other localization technologies
can be used in these cases. Some examples are radiofrequency technology, infrared tech-
nology, ultrasound devices, computer vision or electromagnetic sensing. It is beyond the
scope of this thesis to provide a complete overview of the indoor localization systems that
have been developed until now, but we will briefly explain next the fundamentals and
characteristics of the different localization technologies and refer the interested reader to
the survey papers by Gu et al. (2009); Hightower and Borriello (2001) and the references
therein.

Radiofrequency (RF) localization techniques are perhaps nowadays the most popular and
widely-used techniques for estimating the position of objects or people in indoor envi-
ronments, due to the great expansion of wireless networks and the availability of wire-
less devices that can perform the radiofrequency measurements that are necessary to
compute the location. These techniques have been used in numerous systems such as
RADAR (Bahl and Padmanabhan, 2000) and SpotON (Hightower et al., 2000) and consist
in measuring certain parameters of the radio signal that one node receives from other
nodes, for example, the angle of arrival (AOA), the time of arrival (TOA) or the received
signal strength (RSS). From these measurements, the position of the wireless nodes can
be inferred using a triangulation algorithm or by comparing the measurement with oth-
ers previously saved in a database. Next section is dedicated to describing in detail the
fundamentals of radiofrequency localization techniques and section 2.3 includes a review
of several localization systems based on these techniques that are supported by different
radio technologies (WiFi, Bluetooth, etc.).

Infrared technology was used in one of the first indoor badge sensing systems, the Active
Badge location system (Want et al., 1992), developed at Olivetti Research Laboratory. In
this system each person wears a small infrared badge, which emits a globally unique
identifier every 10 seconds or on demand. These periodic signals are picked up by a
network of sensors placed around the host building and a central server collects all the
information to provide symbolic localization (for example, the room in which the badge is
located). Infrared systems present some difficulties to calculate locations in environments
with fluorescent lighting or direct sunlight.

Ultrasound devices have also been used in several indoor localization systems such as Ac-
tive Bat (Harter et al., 2002) and Cricket (Priyantha et al., 2000). The Active Bat location
system uses an ultrasound time-of-flight lateration technique to provide physical posi-
tioning with an accuracy of a few centimeters by deploying a grid of ceiling-mounted
receivers that listen to the ultrasonic pulses emitted by the Bats. This system requires a
large infrastructure throughout the ceiling, is rather sensitive to the placement of these
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sensors and, thus, suffers from high cost, lack of scalability and difficulty of deployment.
The Cricket system is based on the same technique and does not require the grid of ceiling
sensors, but is much less precise than Active Bat and has a big computational burden.

Research has also been very active on the use of computer vision to provide location in-
formation in indoor environments. The Easy Living project (Brumitt et al., 2000; Krumm
et al., 2000), developed by Microsoft Research, is one example of this approach. Easy Liv-
ing uses two color stereo cameras to report the position of people in a home environment.
Vision location systems must tackle several difficulties in the analysis of the scene such
as occlusions, multiple objects movement, etc., so they usually need a high processing
power. Furthermore, the suitability of vision location systems in many applications can
be limited by privacy issues.

Electromagnetic sensing (Raab et al., 1979) is a classical technology that can also be used for
positioning or tracking. A large variety of products for virtual reality and motion capture
for computer animation are based on this technology. For example, Ascension systems
(Ascension Technology Corporation website, 2010), such as Flock of Birds, trackSTAR
and MotionSTAR use this technology for capturing body motion (biomechanical analysis,
sports and medical analysis, 3D character animation, etc.) and image guided surgery
(localizing medical instruments within a patient’s body). In these systems a transmitting
antenna generates axial DC magnetic-field pulses and the position and orientation of the
receiving antennas is computed by measuring the response in three orthogonal axes to
the transmitted field pulse. These systems have very high precision and accuracy, on the
order of less than 1 mm spatial resolution. However, they also present some drawbacks,
such as a high implementation cost, the constraint that the sensors must remain within 1
to 3 meters of the transmitter, and the fact that the accuracy degrades with the presence
of metallic objects in the environment.

Finally, inertial sensors, such as accelerometers and gyroscopes, can be used as dead reck-
oning systems to provide continuous estimates of the position, speed and orientation of
a mobile object. Dead reckoning systems consist of calculating the current position of
an object from a previous position and some measurements of the acceleration and the
speed over the elapsed time. Their main advantage is that they only require sensors to be
carried or worn by the person or object being tracked, making them particularly attrac-
tive for localization in unprepared environments. But, as the new positions are calculated
from the previous estimations, measurement errors are cumulative and produce an un-
bounded increase in the error of the estimated position. In practice, in order to limit this
drift with time, this kind of approach is typically used in combination with other local-
ization systems, such as GPS, which is commonly used in automotive navigation (see the
work by Skog and Handel (2009) and references therein), or radiofrequency techniques
(Evennou and Marx, 2006; Wang et al., 2007; Woodman and Harle, 2008; Coronel et al.,
2008; Hol et al., 2009; Renaudin et al., 2008; Amendolare et al., 2008).
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2.2 Radiolocalization techniques for ad hoc and sensor
networks

As we have seen, a wide variety of technologies can be used to calculate the position of
people and objects both outdoors and indoors. In ad hoc and sensor networks localiza-
tion consists in determining the position of the nodes of the network. In spite of being a
simple concept, the localization of the nodes of an ad hoc network is not a trivial problem
and the scarcity of resources in these nodes makes the problem even more difficult (Wang
and Xiao, 2007). Therefore, not all the localization technologies are appropriate for this
kind of networks.

In particular, as the nodes of ad hoc networks are usually battery-powered, localization
mechanisms should try to reduce the energy consumption as much as possible. On the
other hand, cost and size restrictions must also be considered. For these reasons, some
classical localization techniques, such as using GPS receivers, infrared or ultrasound de-
vices are not really adequate, as these devices are usually expensive and energy consum-
ing. In contrast, radio localization techniques are popular and appropriate for use in
wireless ad hoc and sensor networks, since no additional hardware resources are needed
besides the radio system.

As mentioned before, RF-based localization techniques consist in measuring certain pa-
rameters of the radio signal that one node receives from other nodes, for example, the
connectivity, the angle of arrival (AOA), the time of arrival (TOA), the time difference of
arrival (TDOA) or the received signal strength (RSS). From these measurements, the po-
sition of the wireless nodes can be inferred using a triangulation algorithm or by compar-
ing the measurement with others previously saved in a database. We next summarize the
main aspects related to the use of these techniques for localization in wireless networks.
For a more detailed analysis the reader may refer to Pahlavan et al. (2002), Patwari et al.
(2005), Sayed et al. (2005), Wang and Xiao (2007), Liu et al. (2007) or Gezici (2008).

Techniques based on the measurement of the connectivity between nodes are very simple
but do not provide very accurate localization results. They consist in calculating the posi-
tion of the nodes using the information about which pairs of nodes are connected (able to
communicate) and the knowledge of the position of some nodes that are called reference,
beacon or anchor nodes. An example of connectivity-based technique is the centroid
algorithm (Bulusu et al., 2000), which estimates the position of a node as the centroid
of all the beacon nodes it listens to. This algorithm requires a large amount of beacon
nodes (nodes with known positions). In the case that not all the nodes can communi-
cate directly with a reference node, the nodes that have estimated their position using
the previous method will act as reference nodes for the others. Jayashree et al. (2006)
analyze the influence of the number of anchor nodes on the accuracy and localization
convergence speed of this technique: evidently, increasing the number of anchor nodes
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improves the accuracy and makes the localization faster. The APIT method (He et al.,
2003) is another connectivity-based technique. In this method each node chooses three
reference nodes (with which it can communicate) and decides if it is inside or outside the
triangle defined by them. After doing this for all the possible combinations of reference
nodes, the position of the node is taken as the center of gravity of the intersection of all
the triangles inside where the node is. Another connectivity-based technique is the DV-
Hop algorithm, firstly proposed for the APS system (Niculescu and Nath, 2001, 2003b).
In this technique the nodes measure their distance (in number of hops) to the reference
nodes and the reference nodes calculate from their positions, which are known, and the
hop-distances to other reference nodes a conversion factor (meters per hop) that allows
to convert the number of hops into distance in meters. This conversion factor is propa-
gated through the network so that each node can estimate their distance in meters to the
reference nodes. Other algorithms based on the same idea were proposed by Sun et al.
(2006) and Liao and Lee (2006).

TOA-based localization techniques are based on the fact that the radio signal propagates at
the speed of light. Hence, the time required for the signal to travel between two nodes
can be used to estimate the distance between those nodes and, from various distances
between different pairs of nodes, the physical position of a node can be estimated via
triangulation (see figure 2.2). These techniques can be further classified into TOA one-

TOA1

AP1

AP3

AP2

TOA3

TOA2

Figure 2.2: Example of TOA localization.

way ranging and TOA round-trip ranging. The former requires a precise synchronism
between the nodes of the network, while the latter does not require synchronization, but
knowledge about the processing time at the nodes. One of the main difficulties of these
techniques is that it is necessary to determine the time of arrival of the line of sight (LOS)
signal and not of the replicas that arrive at the receiver after reflection in an obstacle, that

26



2.2 Radiolocalization techniques for ad hoc and sensor networks

is, the non line of sight (NLOS) components. This problem is particularly important in
urban and indoor environments, where the line of sight path between transmitter and
receiver may not exist. A review of different TOA-based localization algorithms and
NLOS mitigation techniques and their technical challenges is presented in Guvenc and
Chong (2009). TOA-based techniques are commonly used in cellular networks since the
receiving nodes are typically synchronized to base stations, but they are also used in other
wireless networks for indoor localization. The accuracy of these techniques depends
on the accuracy of the TOA measurements and can range from the tens or hundreds of
meters of cellular networks to the few centimeters of Ultra Wide Band (UWB) systems,
whose high bandwidth signals allow to measure the TOA of the received signal with a
very high accuracy (nanoseconds).

The idea of TDOA-based techniques is to reconstruct the relative position of a mobile trans-
mitter by examining the difference in time at which the signal arrives at multiple re-
ceivers, rather than the absolute arrival time of TOA. For each TDOA measurement, the
transmitter must lie on a hyperboloid with a constant range difference between the two
receivers, as shown in figure 2.3. These techniques require highly precise synchroniza-
tion between the receivers, but not precise synchronization between transmitter and re-
ceivers. They present similar difficulties to TOA-based techniques regarding multipath
environments and similar performance in terms of accuracy.

AP1 is 10 ns 
closer than AP2

AP1

AP3

AP2

AP1 is 15 ns 
closer than AP3

AP2 is 20 ns 
closer than AP3

Figure 2.3: Example of TDOA localization.

AOA positioning techniques are based on the measurement of angles between the target
node and the reference nodes (Niculescu and Nath, 2003a; Xu et al., 2008; Rong and Si-
chitiu, 2006). In order to apply AOA-based techniques the nodes of the network need
to have antennas capable of measuring these angles, which is usually accomplished by
comparing the received signals at several antennas in the node. Basically, there are two
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different ways of measuring the AOA, as shown in figure 2.4. The most common method
consists in using a sensor array, comprised of two or more individual antennas whose
locations with respect to the node center are known. The AOA is then estimated from
the differences in arrival times for a transmitted signal at each of the array elements. The
second approach consists in using two or more directional antennas located on the sensor
pointed in different directions, such that their main beams overlap. In this case, the AOA
is estimated from the ratio between the received signal strength at the different array el-
ements. The major drawback of these techniques is that they require multiple antennas,
which results in additional costs and larger node sizes. Furthermore, AOA techniques
are highly sensitive to multipath, NLOS conditions, and array precision.

(a) (b)

Figure 2.4: AOA estimation methods: (a) AOA can be estimated from the TOA differences among sensor
elements embedded in the node. (b) AOA can also be estimated from the RSS ratio between directional
antennas.

Finally, the basis of RSS-based techniques is the fact that the attenuation of the radio signal
increases, in general, with the distance between the transmitter and the receiver. Hence,
the received signal strength at a node can be used to estimate the distance from the trans-
mitter and, via triangulation, the physical position of the nodes can be calculated. RSS can
be also employed in localization techniques based on fingerprinting. RSS measurements
are relatively inexpensive and simple to implement in hardware, thus, most commercial
wireless devices include the possibility of measuring this parameter. As the RSS infor-
mation can be easily collected with off-the-shelf equipment, it has become the basis for
the most popular techniques for inferring the relative positions of the nodes in a wireless
network. Moreover, RSS-based localization usually provides better localization results
than connectivity-based techniques, with an accuracy around a few meters. As a result,
RSS-based techniques have become an important and popular topic in localization re-
search. In this thesis, we will mainly focus on these localization techniques, thus, they
are described more deeply in section 2.2.1.

But before going into the details of RSS-based localization, and to complete the vision
of radiofrequency based localization techniques, we should point out that there are also
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some proposals to combine several of the above mentioned techniques. For example,
Moses et al. (2003) propose to combine TOA and AOA measurements to calculate the
position of the nodes in a wireless sensor network. Niculescu and Nath (2001, 2003b) use
distributed localization algorithms that combine RSS measurements with connectivity
measurements in order to obtain the absolute position of the nodes when they cannot
communicate directly with the reference nodes.

2.2.1 RSS-based localization methods

In the literature, two main approaches have been proposed to solve the localization prob-
lem using RSS measurements: propagation modeling based methods (Bahl and Pad-
manabhan, 2000; Hightower et al., 2000; Dogandzic and Amran, 2004; Robinson and
Psaromiligkos, 2005; Wang et al., 2005; Li et al., 2005; Li, 2006; MacDonald et al., 2006;
Alippi and Vanini, 2006) and fingerprint strategies (Bahl and Padmanabhan, 2000; Brunato
and Kalló, 2002; Alippi et al., 2005; Patwari et al., 2005; Ault et al., 2005; Lorincz and
Welsh, 2007; Kushki et al., 2007; Yao et al., 2007; Yin et al., 2008). We describe next the
fundamentals and performance characteristics of both types of methods.

Propagation modeling methods

Propagation modeling based methods consist in using a propagation channel model to
establish a relation between the attenuation of the signal and the traveled distance, from
where a relation between the RSS and the distance between two nodes can be obtained.
Depending on the model complexity, other factors that affect the signal propagation can
be considered, for example, the antennas height or the number of walls that the signal
has to traverse. Anyway, regardless of the particular model that is used to estimate the
distances, the location of a node can then be determined from a set of these distances
using some positioning algorithm, such as the ones in Patwari et al. (2005) or Liu et al.
(2006).

Ideally, in free space conditions, the radio signal propagates following a straight line
and its power decays as the inverse of the square distance between the transmitter and
the receiver. However, in a real propagation environment, and especially indoors, the
signal can be reflected by obstacles, producing multipath propagation that may cause
frequency-selective fading. Other perturbations such as shadowing and interfering sig-
nal may also affect the received signal strength. These effects make difficult to determine
a precise relation between the distance and the received power and, therefore, estimat-
ing the distance from RSS measurements through a theoretical relation is usually prone
to errors, which make the localization task harder and the localization results less accu-
rate. Moreover, in real applications, the radio channel has to be estimated from a limited
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number of noisy RSS measurements, which might not be sufficient to properly condi-
tion the estimation process, leading to a poor reconstruction of the environment charac-
teristics. This may introduce additional errors in the RSS-to-distance conversion, and,
consequently, deteriorated localization performance. The neat result of all these effects
is that the model-based systems proposed thus far in the literature can hardly achieve a
precision higher than 2 or 3 meters, both indoors and outdoors.

The typical scenario in which these localization methods are applied is a network com-
posed of a collection of nodes among which some have known positions (reference nodes),
either because they have a GPS receiver or because they were initially deployed at fixed
and known positions. The positions of the rest of the nodes are unknown and need to be
calculated using a localization technique.

When the nodes with unknown positions can communicate directly with a sufficient
number of reference nodes, it is relatively simple to calculate their positions. It is enough
to measure the RSS from the reference nodes, calculate the corresponding distances using
a propagation model and use a triangulation algorithm (typically, hyperbolic or circular
positioning) to evaluate the position.

In a more general case, not all the nodes with unknown positions will be able to commu-
nicate directly with a sufficient number of reference nodes. Under these circumstances,
the localization must be done cooperatively through multiple hops. Instead of calculat-
ing the position of each node separately, the information gathered by all the nodes should
be combined in order to estimate the position of all of them simultaneously. In this case,
localization can be done either with centralized or distributed algorithms. In centralized
algorithms a central processor collects the RSS measurements taken at all the nodes of the
network and calculates their positions. In distributed algorithms each node only shares
information with its neighbors and, using this information, each node estimates its own
position, usually in an iterative way. Both centralized and distributed algorithms must
face the high relative costs of communication. In large networks centralized algorithms
will require to send RSS measurements over a big number of hops until they reach the
central processor, whereas distributed algorithms require the measurements to be sent to
the neighbors (one hop) but possibly making several iterations. In order to reduce the
energy consumption hybrid algorithms that combine the characteristics of both methods
have also been proposed. Cooperative localization can give raise to many applications
that were not possible with traditional localization systems.

Fingerprinting strategies

Conversely, fingerprinting techniques usually consist of two phases. In the calibration
phase a radio map of the environment is created by gathering a set of RSS measurements
at different positions of the deployment area. These RSS measurements (observed from
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each of the reference nodes of the deployment) are collected using a test node that is
situated at the different test positions, uniformly spaced on a regular grid. These “fin-
gerprints” are then stored in a database, so, after the calibration phase a table with the
position and the corresponding RSS measurements is available (see figure 2.5). When
an unknown node needs to be localized (localization phase), its RSS measurements are
matched against the ones stored in the map, in order to find the closest correspondence
in the signal space.

Figure 2.5: Example of the fingerprinting calibration phase.

Several methods have been used to find this closest correspondence. The nearest neigh-
bor is one of the most simple and consists in finding the point of the database with the
minimum distance to the fingerprint. The k-nearest neighbors method is another possi-
bility, in which the k points of the database with the shortest distance to the fingerprint
are selected to find the position of the mobile node with a weighted average of their posi-
tions. The value of k can be either fixed or calculated in real time as the number of points
whose distance to the fingerprint is smaller than a given value. The distance, as well, can
be defined in several ways (for example, the Euclidean distance was used in the RADAR
system (Bahl and Padmanabhan, 2000), the Manhattan distance was used in the Mote-
track system (Lorincz and Welsh, 2007)) and must handle the cases in which a reference
node is not observed, either during the calibration phase or during the localization phase.

The above techniques save in the database one RSS value per point and per reference
node, which is usually obtained as the average value of a set of RSS measurements. An
extension of these basic fingerprinting techniques consists in working with the probabil-
ities of receiving a given signal strength at a given point, instead of working with fixed
RSS values. In this case, the radio map contains, for each point and for each reference
node, the probability of measuring each of the possible RSS values. Thus, the position of
the mobile node is estimated in the following way: first, the probability of obtaining the
fingerprint of the mobile node is calculated at each point of the radio map (for example,
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by multiplying the probabilities of the RSS for each of the reference nodes), and then, the
point with the highest probability (or the average of the k more probable points) is cho-
sen as the node position. The probabilities of the RSS measurements are obtained in the
calibration phase either directly from the experimental measurements (Moreno, 2008), or
using other methods to construct a probability density function of the RSS, such as the
histogram method (Youssef and Agrawala, 2008) or the kernel method (Roos et al., 2002).
The histogram method consists in creating a histogram with a given number of bins of
the RSS measurements, whereas in the kernel method the probability density function is
calculated as the sum of n density functions (one for each measurement), called kernel
functions, which depend on the observed values (for example, a kernel function could be
a gaussian function with mean equal to the measured RSS value).

Although fingerprinting methods can provide better localization results than propaga-
tion modeling methods, the main drawback of this approach is that a large number of
onsite measurements are required in order to obtain fine-grained localization. This sit-
uation unavoidably entails an increase of the operational cost. Additionally, fingerprint
methods require an exhaustive, periodic and non-reusable preliminary calibration phase,
which is usually infeasible in practical deployments, for example, in an emergency situ-
ation or when the reference nodes are mobile.

In conclusion, the choice of the localization method will depend mainly on the applica-
tion requirements (required accuracy, feasibility of calibration, etc.). In this thesis we will
focus on propagation modeling techniques, due to their simplicity, low cost and applica-
bility to more general situations.

2.3 Radio technologies for localization in ad hoc and sensor
networks

The reviewed RF-based localization techniques have been used thoroughly in the litera-
ture to develop localization systems for wireless ad hoc or sensor networks. This section
includes a comparative review of several localization systems based on these techniques
that are supported by different radio technologies.

Various radiocommunication technologies can support RF-based localization techniques
for wireless ad hoc or sensor networks. We can mention for example WiFi (IEEE 802.11),
Bluetooth (IEEE 802.15.1), ZigBee (IEEE 802.15.4), RFID (Radio Frequency Identification)
or UWB (Ultra Wide Band). These technologies can be used either individually or jointly
in order to achieve more accurate localization results.

The WiFi standard (IEEE 802.11) for wireless local area networks (WLAN), operating in
the 2.4 GHz Industrial, Scientific and Medical (ISM) band, with a range of 50 to 100 m,
has become very popular in public hotspots, corporative buildings and home environ-
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ments during the last few years and is currently the dominant local wireless networking
standard. Therefore, researchers have dedicated great effort to develop localization sys-
tems that use this type of existing wireless network infrastructure. The RADAR system
(Bahl and Padmanabhan, 2000; Bahl et al., 2000), for example, uses a WLAN WiFi net-
work to locate and track people inside buildings. The system consist of three or more
base stations that are deployed at fixed and known positions and act as reference nodes
and a mobile node (a laptop) carried by the user. The localization of the mobile node is
based on RSS measurements and can be implemented using two different methods. The
first is a fingerprinting approach that consists in creating first a database with a series
of RSS measurements from each reference node taken at different positions and orienta-
tions of the user. Then, the RSS fingerprint collected by the mobile node at a given point
is compared with the measurements of the database and the position of the node is esti-
mated using a k-nearest neighbor approach. The user orientation, the number of nearest
neighbors, the number of data points, and the number of samples in the real-time phase
affect the accuracy of the localization, but in general, the mobile node can be located
with an accuracy of 2 or 3 m. The second localization method proposed in the RADAR
system is based on propagation modeling. The RSS measurements collected by the mo-
bile node are compared with the predictions of a propagation model in order to estimate
the position of the node. The wall attenuation factor (WAF) and floor attenuation factor
(FAF) propagation models, that consider the number of walls and floors, are used. The
accuracy achieved with this method is around 4.3 m, not as good as with the fingerprint-
ing technique. In the project WILMA (Brunato and Kalló, 2002) a WiFi network is also
used to support a RSS-based fingerprinting location system. It presents an average posi-
tioning error of 2 m. While RADAR and WILMA are deterministic positioning systems,
probabilistic models can also be used to estimate the location of the user. Probabilistic ap-
proaches, as the ones proposed in Moreno (2008); Castro and Muntz (2000); Castro et al.
(2001); Roos et al. (2002) or in the Horus system (Youssef and Agrawala, 2004, 2008), store
the signal strength distribution from the access points and use probabilistic algorithms to
estimate the most likely position of the user. The COMPASS system (King et al., 2006) is
another example of RSS-based localization using a probabilistic fingerprinting approach
with a WiFi infrastructure. This system takes also advantage of digital compasses to con-
sider the orientation of the user and provide more accurate position estimations (about
1.65 m), but only considers tracking a single user. Other RSS-based localization systems
supported by WiFi networks provide similar localization accuracy of a few meters (Battiti
et al., 2002; Saha et al., 2003; Ladd et al., 2002, 2004; Haeberlen et al., 2004; Siddiqi et al.,
2003; Kontkanen et al., 2004; Xiang et al., 2004; Collado, 2007).

RFID is a technology for remotely storing and retrieving data in small devices or tags
and whose main use is the identification of products or people. A RFID system has dif-
ferent components: RFID readers and RFID tags. RFID readers are able to read the data
emitted from RFID tags. RFID tags can be passive or active. Passive RFID tags basically
reflect the RF signal transmitted from a reader and add information by modulating the
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reflected signal. They are small and inexpensive, as they operate without batteries, but
their coverage range is short (1 or 2 m). Active RFID tags are small transceivers, which
actively transmit their identification and other information. Thus, the cost of these tags
is higher, but their coverage area is also larger (tens of meters). A number of position-
ing systems based on active RFID technology have been proposed. SpotON (Hightower
et al., 2000) is one of the first localization systems based on RFID technology. In this
system RFID devices with RSS-measuring capabilities are design in order to develop a
RSS-based three-dimensional localization system. The authors claim that 1 m accuracy
should be possible with this system. The LANDMARC system (Ni et al., 2004) is an-
other RFID localization system. This connectivity-based positioning system is composed
of three types of devices: RFID readers, reference tags with known positions an mobile
tags whose positions need to be estimated. The readers use the power levels transmitted
by the mobile tags and the reference tags to determine which reference tags are closer to
each of the mobile tags. The position of the mobile tag is estimated as the weighted sum
(with a weight that depends on the distance) of the positions of the reference tags that
are closer to the mobile tag. The accuracy could be less than 2 m, but depends on the
density of the reference tags and could be improved if RSS measurements were available.
Zebra Enterprise Solutions, a division of Zebra Technologies Corporation, has developed
the WhereNet Real Time Locating System (Zebra Enterprise Solutions website, 2010), an
infrastructure to support both indoor and outdoor real-time positioning. Active RFID
tags are employed indoors to send periodical RF transmissions that are received by the
WhereNet infrastructure, which uses sophisticated TDOA algorithms to determine the
location of the tag. The localization accuracy is nominally within 3 meters in most instal-
lations.

The Bluetooth standard (IEEE 802.15.1) for wireless personal area networks (WPAN) op-
erates in the 2.4 GHz ISM band and has an approximate range of 1, 25 or 100 m (for class
III, II and I devices respectively). It is a low cost and low power technology that has
nowadays been embedded in many commercial devices (mobile phones, laptops, PDA,
etc.). For these reasons, it has become a promising technology to provide localization in
indoor environments. Bluetooth localization systems are usually based either on connec-
tivity measurements, that are used to determine the coverage cell in which the device is
located, or on LQI (Link Quality Indicator) or RSSI (Received Signal Strength Indicator)
measurements, two parameters given by Bluetooth devices that can be related to the dis-
tance between the nodes. RSSI is obtained from the comparison of the received power
level against two thresholds that determine the golden receive power range (GRPR), an
interval of approximately 20 dB (it varies depending on the hardware) in which the cor-
responding RSSI value is zero. On the other hand, LQI indicates the quality of the con-
nection established between two Bluetooth devices. Although there is no specification
that exactly defines how it varies and thereby it is strongly dependent on the manu-
facturer, the higher the link quality value, the better the link is. Both parameters can
therefore be used to infer a distance to the transmitter. A common drawback in both
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RSSI and LQI parameters is the time required to extract the value from the client: a pi-
conet should be formed between the nodes, which means an average time of 2.5 s for
each client, thus, for more than three clients, delays become unacceptable. An alternative
approach is to exploit the connectivity information derived from inquiries, a command
that reports which devices are in range. An example of RSS-based Bluetooth localization
system is presented by Feldmann et al. (2003). In this system, Bluetooth devices provide
a Received Signal Strength Indicator (RSSI) and the distance is estimated from an exper-
imental RSSI-distance relation. The position of the device is then calculated via triangu-
lation using several measurements taken from three reference nodes. The authors report
an accuracy of 2 m. Kotanen et al. (2003) present the design and implementation of an-
other Bluetooth RSS-based local positioning system that follows the propagation model
approach. The 3D position of the mobile device is estimated with an extended Kalman
filter, achieving an accuracy of 3.76 m. Other RSSI-based Bluetooth positions systems
were proposed by Bandara et al. (2004) and Bielawa (2005), which also tackled the golden
range. Genco (2005) proposes a similar positioning system based on both RSSI and LQI
measurements. A fingerprinting approach is proposed in Rodriguez et al. (2005), where
the signal strength received at mobile devices from the network access points is mapped
against a signal strength map (previously computed) in order to determine mobile device
location, with an accuracy of around 2 m. Forno et al. (2005) present an architecture for
indoor positioning based on Bluetooth sensors in which distances from sensors are esti-
mated using connectivity information obtained from inquiry reports issued at different
cyclic power levels. This system has an average error that is less than two meters (1.88
m).

UWB technology is based on transmitting ultrashort pulses (less than 1 ns) using a very
high bandwidth, which enable to filter the reflected signals from the original signal, of-
fering a high accuracy in time measurements. For that reason, UWB technology has also
been used to implement indoor localization systems (Gezici et al., 2005), typically using
TOA or TDOA techniques. An example of UWB localization system is the one developed
by Ubisense (Ubisense website, 2010), which uses a triangulation location technique and
a combination of AOA and TDOA measurements. Other UWB localization systems have
been proposed in Bocquet et al. (2005); Alsindi et al. (2006); Taok et al. (2007); Guvenc
et al. (2007). The accuracy of UWB localization systems is usually of the order of a few
centimeters.

Numerous localization systems for wireless sensor networks based on low power wire-
less radios (such as IEEE 802.15.4 or ZigBee compliant devices) have also been proposed.
A known example is Motetrack (Lorincz and Welsh, 2007), a localization software for
Mica2 (Mica2 Datasheet, 2010) sensor networks developed at Harvard University. The
system uses a fingerprinting localization method similar to the one used in RADAR,
based on empirical measurements of the RSS in the deployment area, but using dis-
tributed algorithms, which makes the system more robust. The obtained accuracy is also
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around 2 or 3 m. Ecolocation (Yedavalli et al., 2005) is another RSS-based localization
system tested with Mica2 motes. In this system, the position of the nodes is obtained
from an ordered sequence of reference nodes which is obtained from RSS measurement
and is then compared with the ideal distance-based sequence for each location. The loca-
tion that maximizes the number of satisfied order-constraints is chosen as the position of
the unknown node. The localization error is around 3 m. Other localization systems for
wireless sensor networks with similar performance characteristics have been proposed
by Stoleru and Stankovic (2004); Yao et al. (2007); Martín (2007); Martín et al. (2009).

Many other initiatives have also taken advantage of fusing multiple technologies. WLAN
and sensors are used in Hii and Zaslavsky (2005); Widyawan et al. (2007) to improve
location accuracy. A system based on RFID, WiFi and Vision is described by Anne et al.
(2005). Pandya et al. (2003); Metola (2008); Aparicio, Perez, Bernardos and Casar (2008);
Aparicio, Pérez, Tarrío, Bernardos and Casar (2008); Metola et al. (2009) present indoor
location estimation based on Bluetooth and WLAN.

Among all the available technologies, ZigBee is the one that provides a lower energy
consumption and a lower cost, although in exchange, the data rate is also lower. This
technology is specially appropriate for the objectives of this thesis thanks to its low con-
sumption, so it will be the one to which we will pay greater attention.

2.4 Energy-efficient localization techniques and technologies

As we have seen, research in localization for wireless sensor and ad hoc networks is being
very active, and a big manifold of localization techniques and supporting technologies
have been used to develop localization systems with different characteristics in terms of
accuracy, deployment cost, scalability, special hardware requirements, etc. On the other
hand, as pointed out in chapter 1, a crucial aspect of ad hoc and sensor networks is the
efficient management of the energy consumption, since wireless devices have limited
energy resources which should be efficiently managed in order to extend the life of the
network as much as possible (Akyildiz et al., 2002; Sesay et al., 2004). Consequently, prac-
tical and effective solutions are needed to perform the localization in an energy-efficient
way.

This section is devoted to localization systems, techniques and algorithms that take into
consideration the energy consumption. First, we will focus on the radio technologies that
give support to the localization systems and we will analyze their energy consumption
characteristics. Then we will review different localization techniques that aim at reduc-
ing the energy consumption during the localization process, either by designing efficient
communication schemes to measure the radio parameters that are needed for the local-
ization (TOA, RSS, etc.) or by reducing the energy consumption during the processing of
these measurements.
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2.4.1 Low consumption radio technologies

As mentioned before, some classical localization technologies, such as using GPS re-
ceivers, infrared or ultrasound devices are not very adequate for wireless networks, as
these devices are usually expensive and energy consuming. In contrast, radio localiza-
tion techniques are the most appropriate regarding the energy consumption, cost and
size restrictions of wireless devices.

Currently, four protocols dominate indoor and short-range wireless communications:
Bluetooth, UWB, ZigBee, and Wi-Fi. The physical and MAC layers of these protocols
are defined by IEEE standards 802.15.1, 802.15.3, 802.15.4, and 802.11a/b/g respectively.
Upper layers have been defined by separate alliances of companies that worked to de-
velop specifications covering the network, security and application profile layers so that
the commercial potential of the standards could be realized. Lee et al. (2007) provide a
study of these popular wireless communication standards, evaluating their main features
and behavior in terms of various metrics, including the transmission time, data coding
efficiency, complexity, and power consumption.

ZigBee and Bluetooth have a low energy consumption, as these protocols were targeted
at portable devices, short range communications and limited battery power. On the con-
trary, WiFi and UWB are intended for high data rate applications, and their energy con-
sumption is higher. Table 2.1 shows a comparison of the current consumption in the
transmission and reception modes of four wireless commercial products featuring each
of the considered protocols, namely BlueCore2 from Cambridge Silicon Radio, XS110
from Freescale, CC2430 from Chipcon of Texas Instruments, and CX53111 from Conex-
ant. Figure 2.6(a) shows the power consumption for each protocol and figure 2.6(b) shows
the power consumption normalized by the bit rate. These data were extracted from (Lee
et al., 2007) and, although they were taken from particular products, they are broadly
representative for each protocol.

Table 2.1: Current consumption of different products.

Standard Bluetooth UWB ZigBee WiFi

Chipset Bluecore2 XS110 CC2430 CX53111

VDD (V) 1.8 3.3 3.0 3.3

IT X (mA) 57 ∼227.3 24.7 219

IRX (mA) 47 ∼227.3 27 215

Bit rate (Mb/s) 0.72 114 0.25 54

Clearly, the Bluetooth and ZigBee protocols consume less power than UWB and WiFi,
however UWB and WiFi have better efficiency regarding the energy consumption/bit
rate relation. For this reason, UWB and WiFi are more suitable for high date rate applica-
tions (e.g. audio/video surveillance systems), whereas ZigBee and Bluetooth would be
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(b) Normalized energy consumption

Figure 2.6: Comparison of the power consumption for each protocol. Source: Lee et al. (2007)

better for low data rate applications with limited battery power (e.g. mobile devices or
battery-operated sensor networks).

2.4.2 Energy efficient localization techniques

A number of studies have considered the energy consumption as a factor in the design
of localization techniques and algorithms. The localization of the nodes in a wireless net-
work embraces two general steps. First, the nodes measure some parameters of the sig-
nals that are exchanged between them, for example, the Time of Arrival (TOA), the Angle
of Arrival (AOA) or the Received Signal Strength (RSS). Then, these measurements are
processed in order to calculate the position of the nodes. Provided that the nodes must
communicate and perform some processing operations, there is some energy consump-
tion during the localization of the nodes. We next review different proposals that aim
at reducing the energy consumption during the localization process, either by design-
ing efficient communication schemes or by reducing the energy consumption during the
processing of these measurements.

Some authors consider to reduce energy consumption during localization by using a ded-
icated hardware system, as the one in Karalar et al. (2004), which was especially designed
to calculate with low consumption the position of the network nodes using a triangu-
lation algorithm and the distance (in hops) between the nodes to be localized and the
reference nodes. This kind of hardware achieves an energy reduction of about one order
of magnitude with respect to a general purpose microprocessor or a Digital Signal Pro-
cessor (DSP), but it cannot be used with commercial off-the-shelf systems and, therefore,
may have limited applicability.

Others try to reduce the energy consumption by reducing the complexity of the compu-
tation. For example, in Reichenbach et al. (2007) a proposal to distribute the computation
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between the energy-constrained mobile nodes and the reference nodes is presented: the
mobile nodes perform only a light part of the localization algorithm, leaving the heaviest
part for the reference nodes, which usually have more energy resources. In this way, the
computational load at the mobile nodes is reduced. A similar approach is followed by
Born and Bill (2010), who obtain even smaller computational costs by using a QR fac-
torization or a singular value decomposition. Rajaee et al. (2008) present a localization
method that uses probabilistic neural networks to estimate the position of the unknown
nodes and independent component analysis to remove some unnecessary anchor nodes
from the computation of the algorithm. As a result, the computational complexity, and
thus, the energy consumption, is reduced. Dardari and Conti (2004) address the problem
of cooperative localization and propose a hierarchical algorithm to solve the optimum
maximum likelihood problem in a sub-optimal, but computational efficient way. They
show that a good trade-off between performance loss and complexity can be achieved if
the parameters of the algorithm are carefully tuned.

But reducing the computational load is not the only way of reducing the energy con-
sumption of the nodes, as the radio system also contributes in a significant way to the
energy consumption. To effectively decrease the amount of energy that is consumed dur-
ing the localization, the aim should also be put on reducing the amount of time that the
nodes are communicating. In this direction, some ideas have been proposed, as main-
taining in active mode only a reduced amount of the nodes (Kang et al., 2007; Wang
et al., 2004). These papers design low consumption algorithms to locate a track a mo-
bile node in a network of fixed nodes in which only a few nodes are in active mode,
while the rest of the nodes are inactive. The algorithm proposed by Kang et al. (2007)
selects the active nodes considering the information utility of each node (which is calcu-
lated through Markov chains, knowing the network topology and the latest position of
the mobile node), the residual energy of each node and the communication cost. In this
way, not only the more informative nodes are chosen, but also the energy level of the
nodes is balanced. Experimental tests show that this algorithm may extend the lifetime
of the network between 5% and 25%. Wang et al. (2004) propose another algorithm for
selecting the active nodes based on entropy information. The energy savings of these
type of methods can be quite high when the ratio between the number of tracked objects
and the number of anchor nodes is small. On the other hand, if the number of objects
to be tracked is high (compared to the anchor nodes), the energy gain provided by these
techniques is smaller.

However, these techniques do not consider the trade-off between the energy consump-
tion required for localization and the accuracy of the localization. This trade-off was first
addressed by Pandey et al. (2005), who proposed a localization algorithm in which each
node could choose between different methods to measure the distances to their neigh-
bors, each one with different accuracy and different energy consumption. More accurate
measuring methods consume more energy, so the nodes will choose between the dif-
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ferent methods considering their remaining energy. The position is generally calculated
using distance measurements with different accuracies. In order to take these different
accuracies into account each communication link is modeled as a spring with a spring
constant which depends on the accuracy of the distance measurement (the greater the
accuracy, the greater the spring constant) and with a rest length equal to the estimated
distance. Then, the localization consists in minimizing iteratively the potential energy of
the springs system. The method allowed to know the amount of energy that was needed
to obtain a given accuracy or the accuracy that was achieved with a given energy con-
sumption.

As mentioned in section 2.2, in wireless ad hoc and sensor networks distances are usually
estimated from some parameter of the radio signal, as the RSS or the TOA. In practice,
in a given network, only one of these parameters is used to estimate the distances be-
tween the nodes, so in order to reduce energy consumption, it would be valuable to find
a transmission strategy that minimizes the energy consumption for a given accuracy and
for a given distance estimation technique. This idea is followed by some object-tracking
systems (Xu et al., 2004; Tilak et al., 2005; Lin et al., 2006; You et al., 2006), where the
frequency of the localization is modified to trade higher energy consumption for better
localization accuracy. Their general mechanisms consist in detecting or predicting the
mobility pattern of the tracked target, and then dynamically adjusting the localization
frequency. More recent work on this topic addresses the adaptation of the localization
frequency for GPS-based localization systems (Kjærgaard et al., 2009) or hybrid localiza-
tion systems combining GPS and radio localization technologies (Constandache et al.,
2009; Jurdak et al., 2010). These methods are based on the assumption that the localiza-
tion accuracy deteriorates with the target’s mobility level due to a delay error produced
by the movement of the object between the instant in which the RSS or TOA is measured
and the instant in which the position is calculated. However, they do not consider that
for a given localization frequency, the accuracy of the RSS or TOA measurements can also
be traded for energy consumption.

Our previous work (Tarrío, Bernardos and Casar, 2007a) proposes a communication scheme
for RSS-based localization that minimizes the energy that is consumed during the mea-
surement of the RSS while maintaining a given accuracy in this measurement. To achieve
this, the optimum relation between the transmission power and the packet transmission
rate that achieves the desired accuracy is found. Tarrío, Bernardos, Casar and Besada
(2007) extend this idea to TOA-based localization and analyze the relation between the
accuracy in the TOA measurements that is achieved with this strategy and the final ac-
curacy of the position estimation. The sensitivity of this strategy to errors in the distance
estimation is evaluated in Tarrío, Bernardos and Casar (2007b).
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CHAPTER3

FUNDAMENTALS OF

RADIOFREQUENCY LOCALIZATION

TECHNIQUES USING CHANNEL

MODELS

As explained in the previous chapter, radiofrequency localization techniques are based
on the measurement of certain parameters of the radio signals, such as the RSS or the
TOA, which can be then used to solve the localization problem by two different ap-
proaches: propagation modeling based methods and fingerprint strategies. In the first
one, a propagation channel model is used to establish a relation between the radio mea-
surement and the distance between two nodes. The location of a node can then be
determined from a set of these estimated distances using some positioning algorithm.
Conversely, the second approach creates a radio map of the environment by gathering,
for each node, a set of measurements in different positions. These “fingerprints” are
then stored in a database; when an unknown node needs to be localized, its radio mea-
surements are matched against the ones stored in the map, in order to find the closest
correspondence. The main drawback of this approach is that a large number of onsite
measurements are required in order to obtain fine-grained localization, which increases
the operational cost of the system. Moreover, this kind of systems requires a prelimi-
nary calibration phase, which is often infeasible in real-field situations. The model-based
localization approach entails a much simpler calibration phase, as it only requires the cal-
culation of the channel model, which can be estimated from a few measurements in the
deployment area or even established theoretically without the need of a previous mea-
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surement phase. Keeping simplicity, low cost and practical concerns in mind, we have
focused this thesis on the first methodology. This chapter presents the fundamentals of
channel modeling techniques, and will serve as a technical background for the rest of the
thesis.

Channel modeling techniques are typically used in networks composed of a collection of
nodes among which some have known locations (reference nodes) and the others have
unknown positions that need to be determined. When the nodes with unknown positions
can communicate directly with a sufficient number of reference nodes, it is relatively
simple to calculate their positions. It is enough to estimate the distances between the
unknown node and the reference nodes and use a triangulation algorithm to compute
its position. In the case in which not all the nodes with unknown positions are able to
communicate directly with a sufficient number of reference nodes, the localization must
be done cooperatively through multiple hops, by combining the information gathered
by all the nodes. In this thesis, we mainly focus on the first case, which, although it
may seem less challenging, it is the kind of scenario that commonly appears in indoor
environments and, thus, has a high practical relevance.

In the channel modeling approach, the first step to perform the localization consists in
taking several radio measurements between several pairs of nodes (typically, between a
mobile node with unknown position and various reference nodes with known positions).
The first section of this chapter is devoted to the characterization of these radio measure-
ments (in particular, the RSS and the TOA), as a means to understand their behavior in
different radio environments and analyze their dependency with distance.

After the measurement phase, the obtained radio measurements are used to estimate
the distance between the nodes using a channel model, which can be established at the
network deployment phase (with an initial calibration phase or theoretically) or even cal-
culated online in order to adapt to possible environmental changes occurring during the
operation. The second section of this chapter aims at studying the statistical characteris-
tics of the distance estimations that are obtained in this way.

Finally, to complete the localization, a positioning algorithm is used to estimate the po-
sition of the unknown node using the set of estimated distances. The last section of this
chapter is focused on the description of state-of-the-art positioning algorithms.

3.1 Measurement characterization

The measurement of parameters of the radio signal, as the RSS or the TOA, is the basis of
radiofrequency localization techniques. Therefore, in order to design a RF localization al-
gorithm, it is first necessary to understand the behavior of these parameters. This section
includes a theoretical analysis of the statistical characteristics of RSS and TOA measure-
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ments in indoor environments, complemented by an experimental study, in different in-
door radio environments and with different radio technologies, which will be helpful to
understand how these radio parameters behave. The statistical characterization of RSS
and TOA measurements is presented at the beginning of the section. The section con-
tinues with an experimental characterization of the signal in ideal radio environments
(an anechoic chamber) and in typical indoor radio environments (with furniture, walls,
doors, and people sitting or walking), which aims at characterizing the behavior of the
received signal strength in these kind of scenarios.

3.1.1 Statistical models of the RSS and the TOA in indoor environments

The measurements of the radio signal parameters that are used for localization (TOA,
RSS, AOA, etc.) are often influenced by errors introduced by the propagation medium.
In general, both time-varying errors and static errors affect these measurements (Pat-
wari et al., 2005). Time-varying errors can be caused by noise or interference and can
be reduced by averaging multiple measurements over time. As in many localization ap-
plications of wireless networks a short time delay can be acceptable, several radio mea-
surements are usually averaged over time in order to reduce the impact of time-varying
errors.

Static errors depend on the characteristics of the particular environment in which the
wireless network is deployed, that is, they depend on the position, size and nature of
the objects in the environment (e.g. buildings, walls, furniture, trees, people, etc.). These
environment-dependent errors are therefore unpredictable and usually modeled as ran-
dom. However, in many applications, most of the objects in the environment are sta-
tionary and most of the nodes remain at fixed positions, therefore, static errors will be
largely constant over time. These errors need to be characterized statistically in order to
determine the performance of the localization, as they will be the ones mainly affecting
the radio measurements after time averaging.

Ideally, the statistical characterization of the radio measurements should be accomplished
in the following way (Patwari et al., 2005): 1) Deploy n networks with identical geometry
in n different places, but with the same type of environment. 2) Take radio measurements
between all possible pairs of nodes during a short period of time and compute the time
average. 3) Characterize the joint distribution of the time-averaged measurements for
that particular network geometry and type of environment. Clearly, this methodology is
not feasible in practice, due to the extremely large scale of the task: a large n would be
required to characterize the joint distribution and, moreover, the experiment should be
repeated for each different geometry and environment.

In practice, some simplifying assumptions have to be made to characterize the measure-
ments. On the one hand, it is usually assumed that measurements at different links are
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independent. This is an assumption that may not hold in real cases (Patwari et al., 2002),
but considering correlations between links would make the analysis more difficult. On
the other hand, measurements are normally assumed to follow a particular parameter-
ized distribution (e.g. Gaussian, log-normal or mixture distribution) whose parameters
(e.g. the mean value or the standard deviation) are estimated using the set of measure-
ments. In this way, a few parameters are enough to represent and characterize the whole
collection of measurements.

In the following we summarize the main features of RSS and TOA measurements for in-
door environments. For a more detailed description of these parameters the reader may
refer to Patwari et al. (2005), where statistical models of RSS, TOA and AOA measure-
ments for wireless sensor networks are presented. Statistical models of these parameters
for cellular mobile systems and UWB systems can be found in (Gustafsson and Gunnars-
son, 2005) and in (Gezici et al., 2005) respectively.

RSS

The RSS is one of the most popular parameters to perform localization in indoor environ-
ments, as most wireless devices are capable of measuring this parameter in a simple and
inexpensive way. The RSS value is obtained from the received signal strength indicator
(RSSI) circuit and is equivalent to the power of the received signal.

Ideally, in free space conditions, the signal power decays with the square of the distance
between the transmitter and the receiver. However, in real environments, the propaga-
tion of the signal is affected by multipath and shadowing. Multipath is caused by the
reflection or refraction of the signal in the surrounding objects and consists in multiple
signals arriving at the receiver with different amplitudes and phases. These signals add
constructively or destructively, depending on the phase difference (which depends on
the frequency), and cause frequency-selective fading. The use of spread spectrum (SS)
techniques may alleviate the effects of frequency selective fading since the measured re-
ceived power in this case is equivalent to averaging the powers of each multipath compo-
nent. SS techniques also contribute to reduce the interference and therefore are extremely
popular for wireless indoor communications. For example, Bluetooth uses a frequency
hopping spread spectrum signaling method (FHSS), while WiFi uses either an orthogonal
frequency division multiplexing (OFDM) method or a direct sequence spread spectrum
signaling (DSSS) method (802.11a uses OFDM, 802.11b uses DSSS, and 802.11g uses one
or the other depending on the data rate). DSSS is also used in the IEEE 802.15.4 stan-
dard, which is integrated in many sensor network devices such as the MicaZ, Iris, Imote2,
Shimmer and SunSpot motes.

If a spread spectrum technique is used, the effects of frequency-selective fading are di-
minished and, therefore, environment-dependent errors in the RSS measurements are
mainly caused by shadowing. Shadowing is due to the attenuation suffered by the sig-
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nal after passing through or diffracting around the objects of the environment (people,
furniture, walls, trees, buildings, etc.) and is usually modeled as random.

The most typical and widely used RSS model, the log-normal model (Rappaport, 2001),
considers that the ensemble mean received power decays with dη, where η is the path
loss exponent, and that the difference between the measured received power and the
ensemble mean follows a log-normal distribution. This model is supported by a large
collection of measurements (Patwari et al., 2003; Hashemi, 1993; Rappaport, 2001; Patwari
et al., 2001) and analytical evidence (Coulson et al., 1998). According to this model, if the
received power is expressed in decibels, which is usually the case for RSS measurements,
it can be modeled as a gaussian distribution:

PRX(dBm) = A−10η log
d
d0

+V (3.1)

where A is a constant term, η is the path loss exponent, and V ∼N (0,σ2) is a zero-mean
gaussian random variable with standard deviation σ. The constant term A depends on
the transmission power PT X , on the transmitter’s and receiver’s antenna gains and on the
power loss for a reference distance d0, and has to be experimentally determined. It repre-
sents the ensemble mean received power at the distance d0. On the other hand, the path
loss exponent η typically ranges between 2 and 4 depending on the environment, and
it has to be experimentally determined too. The random variable V models the effects
of shadowing and considers the randomness across an ensemble of many deployment
environments. Its standard deviation σ (expressed in decibels) is relatively constant with
distance and typically ranges between 4 and 12 (Rappaport, 2001).

As V considers the randomness across an ensemble of multiple deployment environ-
ments, in a given deployment, if the environment is static and the transmitter and re-
ceiver stay at fixed positions, the standard deviation of the measured received power will
be lower than σ, as only the randomness of that particular environment has to be con-
sidered. On the other hand, if a node moves or the environment changes (due to people
movement or long lags of time) the standard deviation of the measured received power
will be equal to σ. In other words, the received power can be seen as a sum of two
Gaussian random variables with different standard deviations. The first variable repre-
sents the variability of the measurements in a static situation, and has, therefore, a low
standard deviation (σintra), typically around 1 dB. The second variable represents the ran-
domness across different environments and has a standard deviation (σinter) close to σ

(σ2 = σ2
intra +σ2

inter).

TOA

The TOA is the time at which the signal arrives at the receiver, which is equal to the time
at which the signal was transmitted plus the propagation time. Since the propagation
time is proportional to the distance between the transmitter and the receiver, taking TOA
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measurements allows inferring this distance and using it in a localization system. The ac-
curacy of the TOA measurements depends on the nature of the signal and the supporting
technology. For example, acoustic and ultrasound signals, which propagate at the speed
of sound, can easily obtain accurate distance measurements, as TOA measurements with
accuracy of 1 ms are enough to obtain sub-meter accuracy. However, radio signals prop-
agate at the speed of light, and therefore, an accuracy of around 1 ns is needed to have
sub-meter accuracy. Indoor radio localization systems based on TOA measurements are
therefore usually supported by UWB technology, which permits a high accuracy of the
TOA measurements.

The propagation time can be obtained from one-way TOA measurements by subtract-
ing the transmission time from the measured TOA. However, a precise synchronization
between the nodes is needed to apply this technique. Commonly, TOA round-trip mea-
surements are preferred, as they do not require synchronization between the nodes. In
this method, a node transmits a signal to another node, which replies with another signal
after a short delay. This delay is either known, or measured and sent to the first node,
so the propagation time can be obtained by subtracting this delay and the transmission
time from the measured TOA and dividing by two.

Ideally, the propagation time obtained from TOA measurements is proportional to the
distance between the transmitter and the receiver. However, in real environments, the
receiver usually receives multiple replicas of the signal, which are also affected by noise;
hence it is not a simple task to determine the exact time in which the line of sight (LOS)
signal arrives at the receiver. Additive noise and multipath signals are the two major
sources of error in the TOA measurement. Furthermore, the variance in the delay times
of the nodes, whose nominal values are known, is an additional source of TOA variance.

Additive noise affects the accuracy of the TOA measurements even in multipath-free
channels. The TOA in the presence of additive noise is usually estimated as the time that
maximizes the cross-correlation between the received signal and the known transmitted
signal (Knapp and Carter, 1976). The variance of a TOA estimate, in the absence of mul-
tipath, depends on the signal bandwidth and on the signal to noise ratio. Its Cramer-Rao
lower bound is given by:

Var(TOA)≥ 1
8π2BTsF2

c SNR
(3.2)

where B is the signal bandwidth in hertz, Ts the signal length in seconds, Fc the center
frequency of the signal in hertz and SNR the signal to noise ratio.

Multipath propagation may also cause errors in the TOA measurements. In the presence
of multipath, the receiver must determine the time of arrival of the LOS signal, which
may not be the strongest component. Therefore, the receiver must find the first-arriving
peak of the cross-correlation, instead of the highest peak, which can be done for instance
by measuring the time when the cross-correlation first crosses a threshold. Two effects
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may complicate this task. On the one hand, severely attenuated LOS signals may not
be detected at all, causing large positive errors in the TOA estimations. This problem is
only severe when the distance between the nodes is very large, since LOS signals are very
weak in these cases. On the other hand, early arriving multipath signals can obscure the
position of the LOS peak. This problem causes smaller errors, but it is very difficult to
fight. Narrow autocorrelation peaks make easier to discriminate the LOS signal contribu-
tion from the contributions of the early-arriving multipath signals, and thus, improve the
detection of the arrival time of the signal. As the width of the autocorrelation function is,
in general, inversely proportional to the signal bandwidth, greater temporal resolution
can be obtained using wideband signals, such as DSSS or UWB signals.

The propagation time is usually roughly modeled as a Gaussian distribution, provided
that the distances between the nodes are short and LOS signals are not severely attenu-
ated:

T ∼N
(

d
c

+µT ,σ2
T

)
(3.3)

where d is the distance between the nodes, c is the speed of light and µT and σT are the
mean value and the standard deviation of the TOA measurement errors. The mean error
µT can be estimated by the localization algorithm so that it can be subtracted out (Correal
et al., 2003).

When large errors appear, the Gaussian distribution is not longer valid and other models
have been proposed, for example a two-mode gaussian mixture distribution (Gustafsson
and Gunnarsson, 2005).

3.1.2 Experimental characterization of RSS measurements

With the aim of complementing the theoretical statistical characterization of the radio
parameters included in the previous section, we have carried out a series of experiments
in which the RSS was measured under different conditions, in different environments,
and using various radio technologies (IEEE 802.15.4, WiFi and Bluetooth). As this thesis
is focused on RSS-based localization, we centered the experimentation on this radio pa-
rameter. The objective was to gain some practical experience and become familiar with
the behavior of the RSS in indoor environments, as well as to test whether the theoretical
models were reasonably valid for our deployments.

For our purposes, the utility of the RSS measurements is to serve as estimators of the
distance between the nodes of the network. Thus, it is key to characterize the behavior
of the RSS with respect to variations in the distance between the nodes. The first part
of this section is devoted to this characterization. Next, we analyze the variations of
the RSS measurements with time, in order to check the theoretical expected behavior for
both static and dynamic channels. Finally, other factors as the alignment between the
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antennas, the device battery level, and the presence of interfering signals are analyzed.

Variation of the RSS measurements with the distance

The variation of the RSS measurements with the distance between transmitter and re-
ceiver is the foundation of channel modeling localization. In order to obtain a deep un-
derstanding of this behavior we carried out several experiments with different wireless
deployments.

Experiments in an anechoic chamber

The first set of experiments was conducted in an anechoic chamber in order to reproduce
free space propagation conditions. An anechoic chamber is a Faraday cage (an enclo-
sure formed by conducting material that blocks out external static electric fields) whose
interior walls are covered with a radiation absorbent material. These chambers are de-
signed to suppress echoes and isolate the chamber from the noise present in the external
environment, in order to imitate free space conditions.

Two MicaZ motes (MicaZ Datasheet, 2010) were used in these experiments, one acting
as a transmitter and the other as a receiver. The transmitter mote was programmed to
send one packet per second, whereas the receiver measured the RSS of all the received
packets. The distance between the two nodes was modified and, at each test position,
RSS measurements were gathered for one minute approximately. The experiment was
repeated for two different transmission channels (channel 11, with a center frequency
of 2.405 GHz, and channel 26, with a center frequency of 2.480 GHz). Two different
transmission powers were used in the channel 11. Figures 3.1(a) and 3.1(b) show the
averaged RSS measurements as a function of the distance between the nodes for both
experiments.

0 1 2 3 4 5 6
−100

−90

−80

−70

−60

−50

−40

−30

d (m)

R
S

S
 (

dB
m

)

 

 

P
TX

 = 0 dBm

P
TX

 = −10 dBm

(a) Channel 11

0 1 2 3 4 5 6
−100

−90

−80

−70

−60

−50

−40

−30

−20

d (m)

R
S

S
 (

dB
m

)

 

 

P
TX

 = 0 dBm

(b) Channel 26

Figure 3.1: Averaged RSS measurements as a function of the distance between the nodes.

These experimental measurements show that the signal power decreases with the dis-
tance and that the power decay is quicker for shorter distances. However, these experi-
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mental propagation curves do not exactly follow the behavior of free space propagation:
first, the power decays quicker than d2, and second, the measurements do not lie on a
smooth curve. This is due to the fact that the chamber was not completely anechoic,
as a laptop (which may produce reflections of the signal) was situated close to the re-
ceiver mote in order to save the measurements and two people were inside the camera
during the experiments. Furthermore, when the transmitter node was moved from one
test position to the next one, the relative positions between the two nodes may change
unintentionally and affect the measurements.

It can be also seen that the RSS measurements were repeated in some of the test points,
yielding different values each time. This is probably caused by the impossibility of re-
peating the experiment in exactly the same conditions. The same reason could explain
the differences between the measurements taken with the two transmission powers in
channel 11, as in an ideal situation the two curves should have the same shape, with a
difference of 10 dB between them. Apart from this phenomenon, the fact that the multi-
path propagation is highly dependent on the frequency justifies the differences between
channels 11 and 26.

The standard deviation of the RSS measurements at each position was around 1 dB,
except from some outliers, as it can be seen in figure 3.2. However, the value of the
standard deviation increases when it is calculated across different repetitions of the ex-
periment. This observable fact supports the RSS statistical model presented in section
3.1.1, which said that in a static environment the standard deviation of the RSS measure-
ments is low (σintra) whereas in a changing environment, the standard deviation is higher

(σ =
√

σ2
intra +σ2

inter).
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Figure 3.2: Standard deviation of the RSS measurements as a function of the distance between the nodes.
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Experiments in different indoor environments

Next, we repeated the previous experiments in three different rooms of the Telecom-
munications School of the Technical University of Madrid. Rooms A and B are small
furnished rooms inside the laboratory C-315.1. Room C corresponds to office D-205 and
it was empty at the moment of the experiments. Again, the experiments were carried
out with the motes working at two different channels (11 and 26) and with two different
transmission powers (0 and 10 dBm). Figure 3.3 shows the averaged RSS measurements
as a function of the distance between transmitter and receiver for the three considered
rooms and for the case in which the motes were working at channel 11 with a transmis-
sion power of 0 dBm. The results for the other channel and transmission power were
similar, so we do not include here their graphical representation.
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Figure 3.3: Averaged RSS measurements at rooms A, B and C as a function of the distance between the
nodes.

The effects of multipath propagation, due to the presence of objects surrounding the
nodes, are evident in rooms A and B. From this figure, it is clear that if we consider
multiple environments, the variance of the RSS measurements will be quite high, much
more than the typical 1 dB of a static situation.

In the previous experiments, the direct path between the transmitter and the receiver was
obstacle-free and, therefore, there was always a line-of-sight path between the nodes.
However, non line-of-sight propagation is practically unavoidable when deploying an
indoor localization system, due to the presence of walls and other obstacles. Therefore,
in order to characterize the typical indoor environments that we may encounter when
deploying a real indoor localization system, we carried out some experiments in an office
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area in which we deployed several reference nodes in different rooms and a mobile node,
which was situated in different positions of the whole area, was used to measure the
RSS from all the reference nodes. There were walls and furniture in the testing area
that introduced non line-of-sight propagation paths between the reference nodes and the
mobile node. Three wireless networks have been used for these experiments: a WiFi
network, a Bluetooth network and a wireless sensor network composed of MicaZ motes.
The measurements obtained with these three experiments were also used to test some of
the localization algorithms proposed later in this thesis.

In the first experiment, we deployed four WiFi access points (Aruba AP-65) in the testing
area and we measured the RSS with a PDA (HP iPAQ hw6915) in various points follow-
ing a 80 cm × 80 cm grid. Figure 3.4(a) shows the deployment area with the position of
the access points and the measurement points. In each of the measurement points we
took four different RSS measurements from each access point, one for each orientation of
the person who held the PDA (north, east, west and south). These four measurements
were considered as different test positions that produce different RSS measurements. Al-
together 689 RSS were taken from each access point. The transmission power of the WiFi
access points was set to 20 dBm and their coverage was big enough to cover almost all
the testing area. Therefore, at most of the measurement points signal was received from
the four access points and, in the worst case, at least three access points were heard. Fig-
ure 3.4(b) shows the RSS measurements as a function of the distance between the nodes.
We also fitted the log-normal channel model (3.3) to these experimental data using the
Levenberg-Marquardt algorithm. The fitting and the estimated values of the parameters
A and η are also included in figure 3.4(b).

In the second experiment, we deployed three Bluetooth access points (minicomputers
with a Belkin F8T013xx1 Bluetooth USB adapter) in the same office area and we measured
the RSS from a PDA (HP iPAQ hw6915) that was situated in various points following the
same grid as in the WiFi experiment. Figure 3.5(a) shows the deployment area with the
position of the access points and the measurement points. All the Bluetooth devices were
Class II devices, so their maximum transmission power is 4 dBm and their coverage is
around 10 m. The total number of measurement points from which we were able to mea-
sure the RSS at the three access points simultaneously was 107. Figure 3.5(b) shows the
RSS measurements for this experiment as a function of the distance between the nodes,
together with the fitted log-normal channel model.

Finally, in the third experiment, we deployed a MicaZ sensor network composed of
twelve anchor nodes situated at fixed positions, five mobile nodes mounted on a plat-
form that moved across the deployment area and a base node connected to a PC. The
mobile nodes measured at every position the RSS from each anchor node and sent these
measurements to the base, which forwarded them to the PC, where they were saved. As
the five nodes were situated at slightly different positions on the platform (they were
separated between 15 and 30 cm), their measurements were considered as different test
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Figure 3.4: WiFi experiment.
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Figure 3.5: Bluetooth experiment.
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positions. Fig. 3.6(a) shows the position of the anchor nodes and the 559 measurement
points in the area of deployment. In each of the these points we took RSS measurements
with the five mobile nodes, so altogether 2795 RSS measurements were taken from all the
available anchor nodes. The transmission power of the MicaZ devices was set to 0 dBm
so their coverage was around 6 m, depending on the walls and furniture. Therefore, the
number of anchor points from which we took the RSS was different depending on the
position of the mobile node, but in all the cases, we took at least RSS measurements from
three anchor nodes. The high beacon density of this deployment comes from the fact that
we must guarantee coverage from at least three reference nodes in all the area in order
to be able to perform the localization. Figure 3.6(b) shows the RSS measurements as a
function of the distance and the fitted log-normal channel model for this experiment.

The three deployments work in the 2.4 GHz ISM band and with real propagation condi-
tions, that is, people moving in the office, walls and furniture that act as obstacle for the
radio signal and produce non line-of-sight propagation, etc.

The received signal strengths in the WiFi experiment are quite high, since the transmis-
sion power of the WiFi access points was set to 20 dBm. However, in the other two ex-
periments (Bluetooth and MicaZ) the environment was not so trivial, as the power levels
were lower and often close to the sensitivity of the receivers.

The differences between the values of A and η for the three experiments is due to several
reasons. First, the value of A depends on the transmission power, the antenna gains and
the propagation loss at a distance of 1 meter. Therefore, the values are different for the
three experiments because the transmission power and the antenna gains were different.
For example, the transmission power for the WiFi devices was 20 dBm, whereas for the
MicaZ devices was 0 dBm. Second, the lognormal model was fitted to the experimental
data to calculate at the same time A and η. As it can be seen in figures 3.4(b), 3.5(b) and
3.6(b) the RSS measurements for the WiFi deployment are quite above the sensitivity of
the receiver, whereas for the MicaZ and Bluetooth deployments many measurements are
lost due to the sensitivity threshold. Therefore, in the MicaZ and Bluetooth cases, the
lognormal curve fitted to this incomplete set of measurements is flatter than expected so
the estimated values of A and η are lower.

Variation of the RSS measurements with time

In order to check if the expected theoretical behavior of the RSS for static and dynamic
environments adjusts well to real situations, we carried out some experiments to analyze
the variations of the RSS measurements with time. These experiments were also useful
to determine the correlation between consecutive RSS measurements.

The first experiment was designed to study the RSS behavior in static and dynamic sit-
uations. Two MicaZ motes were situated at fixed positions in room A. One of the nodes
transmitted one packet each 250 ms and the other measured the RSS of the received pack-
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ets. The experiment lasted for three minutes approximately. During the first minute,
there was an immobile person inside the room and the environment remained static.
During the second minute, the person began to move throughout the room, and some of
the surrounding objects were moved. Finally, during the third minute, the person crossed
several times the line of sight between the two nodes. This experiment was repeated for
a different position of the nodes. The first and second minutes of this second experiment
correspond to the same situations as the first and second minute of the previous exper-
iment. In the third minute the person was situated between the two nodes, obstructing
continuously the LOS. Figures 3.7(a) and 3.7(b) show the variation of the RSS measure-
ments with time for both experiments. It can be clearly seen that the variance in a static
situation (first minute) is much lower than in a dynamic situation. The variance is spe-
cially high when the LOS is being blocked and unblocked along time (third minute of the
first experiment).
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Figure 3.7: RSS measurements as a function of time.

Then, we conducted another set of experiments to determine the correlation between
consecutive RSS measurements. We situated again two MicaZ motes at fixed positions in
room A. One of them was programmed to send one packet each 20 ms. The other mote
was used to receive the packets during 16 seconds and measure their RSS. Figure 3.8
shows the autocorrelation of these measurements. We can consider that each sample is
independent of the previous one, since the value of the autocorrelation function one sam-
ple after the maximum is around 0.1 with respect to the maximum. Therefore, a packet
transmission period of 20 ms would be enough to assure that the RSS measurements are
uncorrelated. However, in our experiments and deployments, we have decided to use
a packet transmission rate of at least 100 ms, so we can guarantee that consecutive RSS
measurements will be uncorrelated and, thus, we can average several consecutive RSS
values without restraint on reeducing the variance.

The same experiment was repeated with WiFi devices, that were also used to test some
of the algorithms proposed in this thesis. In this case, an Aruba WiFi access point was

56



3.1 Measurement characterization

0 5 10 15 20
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Sample

C
or

re
la

tio
n 

co
ef

ic
ie

nt

Figure 3.8: Autocorrelation of the RSS measurements.

used as a transmitter and a laptop as a receiver. Figure 3.9 shows the autocorrelation of
these measurements. From these results we can see that there is almost no correlation for
measures separated more than 0.5 seconds.

Figure 3.9: Autocorrelation of the RSS measurements. Source: Besada et al. (2007)
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Variation of the RSS measurements with the presence of interfering signals, the align-
ment of the antennas and the battery level

Finally, with the purpose of understanding which other factors may affect the measure-
ments of the RSS and to which extent, we carried out a series of experimental tests for
evaluation the influence of interfering signals, the alignment between the antennas and
the device battery level. This section describes briefly these experiments and their results.

Effects of interfering signals

MicaZ motes are 802.15.4 compliant devices working at the 2.4 GHz ISM band, and there-
fore share the spectrum with other wireless technologies that operate in the same fre-
quency band, such as WiFi and Bluetooth.

The IEEE 802.15.4 standard (IEEE, 2006) defines a total of twenty seven channels, num-
bered from 0 to 26, across its three frequency bands. Sixteen channels (11-26) are available
in the 2450 MHz band, ten in the 915 MHz band (1-10), and one (channel 0) in the 868
MHz band. The sixteen channels of the 2.4 GHz frequency band have an approximate
bandwidth of 2 MHz and their center frequency is defined as Fc = 2405 + 5 (k - 11) MHz,
where k = 11, 12, ..., 26 is the channel number. Therefore, the separation between two
consecutive channels is 5 MHz.

WiFi networks operate in the 2.4 GHz (IEEE 802.11b/g) and 5 GHz (IEEE 802.11a) unli-
censed frequency bands (IEEE, 2007). In the 2.4 GHz band, eleven channels are available
in North America (channels 1 to 11) and thirteen in Europe (channels 1 to 13). The signal
bandwidth is about 20 MHz and the carrier frequency of the available channels is de-
fined as Fc = 2412 + 5 (k - 1) MHz, where k = 1, 2, ..., 13 is the channel number. Hence, the
separation between two consecutive channels is 5 MHz, compelling to use, at least, five
channels of separation to guarantee that two simultaneous transmissions do not interfere
with each other. Accordingly, only three of the available channels are non-overlapping
and generally used in WiFi networks (traditionally, channels 1, 6 and 11, although in
Europe, channels 1, 7 and 13 constitute another alternative).

Bluetooth (IEEE 802.15.1) operates in the unlicensed 2.4 GHz ISM band using frequency
hop transceivers to combat interference and fading. Bluetooth channels are spaced 1
MHz and have a bandwidth of 1 MHz (IEEE, 2005). The center frequency of these chan-
nels is defined as Fc = 2402 + k MHz, where k = 0, 1, ..., 78 is the channel number. There-
fore, the operating range of IEEE 802.15.1 radios spans from 2401.5 MHz to 2480.5 MHz.

The alignment between IEEE 802.11b, IEEE 802.15.1 and IEEE 802.15.4 channels is shown
in figure 3.10. There are four IEEE 802.15.4 channels that fall in the guard bands between
(or above) the three IEEE 802.11b channels. These non-overlapping channels are k = 15,
20, 25 and 26 for the case represented in the figure; whereas if WiFi channels 1, 7 and 13
were used, the four non-overlapping channels would be k = 15, 16, 21 and 22. While the
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energy in this guard space will not be zero, it will be lower than the energy within the
channels; and operating an IEEE 802.15.4 network on one of these channels will mini-
mize interference between systems. For IEEE 802.15.4 networks that are installed in areas
known to have high IEEE 802.11b activity, using the non-overlapping channels will en-
hance the coexistence of the networks.

Ch. 1 Ch. 6 Ch. 11

Ch. 20Ch. 15Ch. 11 Ch. 25 Ch. 26

2412 MHz 2437 MHz 2462 MHz

2480 MHz2405 MHz

IEEE 802.15.4

IEEE 802.11
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1 MHz 1 MHz

2 MHz

Figure 3.10: IEEE 802.15.4, IEEE 802.11b and IEEE 802.15.1 channels in the 2.4 GHz frequency band.

Although the three wireless technologies operate at the same frequency band, their re-
sistance to interference is quite high, due to the use of spread spectrum techniques. Rel-
ative wide-band interference, such as that produced by WiFi over 802.15.4 networks or
by 802.15.4 over Bluetooth networks, appears similar to white noise at the smaller band-
width receivers and, besides, only a fraction of the interfering signal power falls within
the receiver bandwidth. On the other hand, spread spectrum processing gains help to
reduce the impact of narrow-band interference, such as that produced by Bluetooth over
802.15.4 networks or by 802.15.4 over WiFi networks.

The presence of interfering signals may affect the performance of RSS-based localization
systems, as the measurement of the RSS could be influenced by these signals. In order
to quantify the effects of interference on the measurements of the RSS, we carried out a
simple experiment in an anechoic chamber using WiFi and IEEE 802.15.4 devices. Two
MicaZ motes (one transmitter and one receiver) were introduced in the chamber, as well
as a WiFi acces point. The motes were programmed to operate at channel 12 (Fc = 2.410
GHz), which overlaps with WiFi channel 1 (Fc = 2.412 GHz), in which the access point
was working. We measured the RSS at the receiver mote with the WiFi access point
turned off and turned on (see table 3.1) and we observed that the difference in the RSS
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measurements between the two cases is negligible (it is of the same order as the intrinsic
variance of the RSS measurements for both situations). Thus, we can consider that WiFi
interference will not affect the behavior of IEEE 802.15.4 localization systems, although,
if possible, the non-overlapping IEEE 802.15.4 channels should be used.

Table 3.1: Analysis of WiFi interference.

Average RSS (dBm) Standard deviation (dB)

WiFi off -71.79 0.92

WiFi on -70.80 1.50

Effects of the device battery level

Wireless devices are generally powered by batteries, which run down with time. We were
interested in checking if the battery level of the device had an effect on the transmission
power and, thus, on the measurement of the RSS. Therefore, we conducted an experiment
with MicaZ motes, which are normally powered with two standard AA batteries. In this
experiment, we replaced the batteries of the transmitter mote with an external power
supply and we collected several RSS measurements for different values of voltage. Four
series of measurements were taken, and in each series the voltage was increased or re-
duced from 0 V to 3 V. The average value and standard deviation of the RSS for each
voltage value are represented in figure 3.11. It can be noticed that below a voltage of
around 2.2 V the mote is not able to transmit, but above this value, the RSS and, there-
fore, the transmission power, are basically constant. In brief, provided that the battery
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Figure 3.11: Average value of the RSS as a function of the battery level. The standard deviation of the
measurements is also represented as error bars.
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level is enough for the mote to work, it will not have any influence on the RSS measure-
ments.

Effects of the relative orientation between transmitter and receiver

Real wireless devices do not usually have isotropic antennas, thus, in order to use them
in RSS-based localization systems, it is desirable that the antennas of all the devices in the
deployment are aligned, since in this way all the RSS measurements will be always af-
fected by the same antenna gains (both at transmission and at reception). If the antennas
are not aligned, changes in the position or orientation of the mobile node will modify the
effective antenna gains. Think, for example, of nodes with dipole antennas with omnidi-
rectional radiation diagrams. Imagine the extreme case in which a reference node has its
antenna perpendicular to the ground whereas the mobile node has its antenna parallel
to the ground. In this case, the radiation diagram of the mobile node has a null in the
direction of the antenna, whereas it achieves its maximum value in the perpendicular
direction. As a result, when the antenna of the mobile node is pointed towards the refer-
ence node, the RSS will be much lower than in the perpendicular position. In addition,
even when the antenna gains do not change, the polarization of the signal will also affect
the value of the RSS. Consider, for instance, that the motes of the previous example use
vertical polarization. When the two antennas are aligned the RSS will be maximum, but
when they are perpendicular it will decrease considerably. This variation of the RSS with
nodes relative orientation is completely undesirable for channel modeling localization,
which is based on the fact that the variations of RSS are exclusively due to the distance
between the nodes.

In order to quantify the effects of changes in the relative orientation of the nodes, we
carried out two experiments using MicaZ motes, which have 1/2 wave dipole anten-
nas and transmit signals with vertical polarization. In the first experiment we situated
a transmitter mote and a receiver mote at the same height and, maintaining the receiver
antenna in upright position, we collected RSS measurements for different inclinations of
the transmitter antenna (from 0◦to 180◦, where 90◦corresponds to the upright position, as
shown in figure 3.12). The experiment was repeated four times for two different trans-
mission channels (11 and 26). The results are represented in figures 3.13(a) and 3.13(b).
It can be observed that, excluding some spurious effects caused by multipath propaga-
tion, for both channels the magnitude of the RSS decreases when the misalignment of the
antennas increases, due to the difference in the polarization, as expected. The difference
with respect to the ideal alignment can be as high as 15 dB. This high value would yield
great errors in the distance estimations and, therefore, in the localization results. In con-
sequence, real localization systems should be carefully deployed to avoid these effects.

In the second experiment we situated a transmitter mote and a receiver mote at the same
height and, maintaining the receiver antenna in upright position, we collected RSS mea-
surements for different inclinations of the transmitter antenna (from 0◦to 180◦, where
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Figure 3.12: Set up of the first RSS-inclination experiment.
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Figure 3.13: RSS measurements as a function of the relative inclination of the antennas in the first exper-
iment.

0◦corresponds to the transmitter antenna pointing to the receiver, 90◦corresponds to the
upright position and 180◦corresponds to the transmitter antenna pointing away from the
receiver, as shown in figure 3.14). The experiment was repeated four times for two dif-
ferent transmission channels (11 and 26). The results are represented in figures 3.15(a)
and 3.15(b). It can be observed that for both channels the magnitude of the RSS decreases
when the misalignment of the antennas increases, due to the different antenna gains and
the difference in polarization, as expected. For example, when the transmitter antenna
is pointing towards the receiver (0◦approximately), we can observe a great attenuation,
mainly due the the null of the radiation diagram in the direction of the antenna. The
difference with respect to the ideal alignment can be as high as 20 dB, which again would
yield great errors in the distance estimations and, therefore, in the localization results.
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Figure 3.14: Set up of the second RSS-inclination experiment.
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Figure 3.15: RSS measurements as a function of the relative inclination of the antennas in the second
experiment.

3.2 Statistical characterization of RSS-based and TOA-based
distance estimations

RSS and TOA measurements can be used to estimate the distances between two nodes,
as a first step to perform the localization of the nodes in the network. The measured ra-
dio parameters are random variables, so their uncertainty can be reduced, in general, by
averaging a number of measurements. In particular, both TOA and RSS measurements
can be described as random gaussian variables (see section 3.1.1), so, their standard de-
viation can be reduced by a factor of

√
n if n measurements are averaged, provided the

measurements are independent. In this section, we derive the statistical models of RSS-
based and TOA-based distance estimations from the statistical models of RSS and TOA
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measurements presented in section 3.1.1. We consider in this derivation the possibility of
averaging several measurements to obtain more accurate estimators.

3.2.1 Distance estimation error in RSS-based localization

Let us first analyze the case of a RSS-based localization method. As explained in section
3.1.1, the received power (in dBm) can be modeled as a gaussian random variable with
mean depending on the distance between the transmitter and the receiver and standard
deviation σ, which takes into account the effects of shadowing over an ensemble of mul-
tiple deployment environments. In a static environment, only the randomness of that
particular environment, characterized by a standard deviation σintra (see section 3.1.1),
has to be considered. Therefore, the standard deviation of the measured received power
(from now on σRSS) will be lower than σ (σRSS = σintra < σ). On the other hand, in dy-
namic environments, the randomness across different environments, characterized by a
standard deviation σinter, also has to be considered, thus, the standard deviation of the
RSS measurements in these cases will be equal to σ (σRSS = σ =

√
σ2

intra +σ2
inter). For this

reason, averaging a number n of received signal strength measurements in a static situ-
ation does not significantly reduce the estimation errors (as only the intra-environment
standard deviation is reduced by a factor of

√
n, but the inter-environment variance will

still affect the measurements), whereas averaging measurements taken at slightly differ-
ent positions or in a changing environment is more effective to reduce estimation errors
(see an example in Martín et al. (2007)).

In a nutshell, the variance of the RSS measurements can be reduced by averaging several
measurements, but the effective variance of the final RSS value will depend on how the
measurements were collected. In a static situation:

σ
2
RSSe f f =

σ2
intra

n
+σ

2
inter (3.4)

and in a dynamic environment:

σ
2
RSSe f f =

σ2

n
(3.5)

where n is the number of averaged RSS measurements.

In both cases, assuming the log-normal channel model as valid, the averaged measured
value of the RSS in dBm can be expressed as:

PRXav = A−10η log
d
d0

+N (0,σRSSe f f ) (3.6)

Therefore, the estimated distance d̃ will be a random variable defined by:

d̃ = d ·10
N (0,σRSSe f f )

10η (3.7)
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In order to calculate the variance of this distance estimation, d̃ can be expressed as a
function of a log-normal random variable:

d̃ = d ·10
N (0,σRSSe f f )

10η = d ·10N
(

0,
σRSSe f f

10η

)
= d ·X (3.8)

where X is a log-normal random variable with parameters µX = 0 and σX = σRSSe f f ·
ln10/(10η), that is, lnX is a zero-mean normal distribution with standard deviation σX :

logX = N
(

0,
σRSSe f f

10η

)
(3.9)

lnX = ln10 ·N
(

0,
σRSSe f f

10η

)
= N

(
0,

σRSSe f f · ln10
10η

)
(3.10)

The variance of a log-normal distribution with parameters µX and σX is e2µX +σ2
X ·
(

eσ2
X −1

)
(Law and Kelton, 2000). Thus, the variance of the distance estimation d̃ is given by:

Var(d̃) = d2 ·Var(X ) = d2 · (eα · (eα−1)) (3.11)

with

α = σ
2
X =

(
σRSSe f f · ln10

10η

)2

(3.12)

It can be noticed that the error in the distance estimation depends on the actual distance
between transmitter and receiver. The greater the distance is, the greater the variance of
the distance estimator. This is an important result of the log-normal channel model: RSS-
based distance estimations are log-normal random variables whose standard deviation
is proportional to the actual distance.

Although the log-normal shadowing path loss model presented in section 3.1.1 is the
most popular channel model for RSS-based localization, due to its simplicity, many other
channel models (Nakagami fading model, Rayleigh fading, Ricean fading, etc.) have
been proposed for outdoor and indoor environments (Sarkar et al., 2003) and used in RSS-
based channel modeling localization techniques (Alippi and Vanini, 2006; Wang et al.,
2005; Dogandzic and Amran, 2004). Any channel model allows estimating the distance
between nodes from the received signal strength, so the statistical performance of the dis-
tance estimations will clearly depend on the channel model that is used to obtain them.
We have analyzed here the case of the log-normal channel model, as it is the one that we
decided to use in this thesis, but following an analogous approach, the statistical perfor-
mance of the distance estimations in any other case can be obtained from the statistical
characterization of the received signal strength (given by the channel model).
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3.2.2 Distance estimation error in TOA-based localization

Let us now consider a TOA-based localization method.

As explained in section 3.1.1, in a LOS situation (when the LOS signals are not severely
attenuated) the propagation time can be modeled as a Gaussian distribution, with vari-
ance σ2

T and mean equal to the mean error of the TOA measurements (µT ) plus a term
that is proportional to the distance between the nodes. The mean error µT can be esti-
mated by the localization algorithm so that it can be subtracted out in order to estimate
the distance.

Assuming that the mean error µT is correctly subtracted, the measurement of the time t
required for the signal to travel between two nodes (one-way or round trip) is affected
by an additive gaussian random noise with variance σ2

T . The variance of the TOA mea-
surement can be reduced if n measurements are averaged. Specifically, the averaged
measured value of the time t can be expressed as:

t̃av = t +N
(

0,
σT√

n

)
(3.13)

On the other hand, the distance d between transmitter and receiver is easily related to the
time t: d = c · t for one-way TOA measurements or d = c · t/2 for two-way TOA measure-
ments, where c is the speed of light. Thus, the estimated distance d̃ will be a gaussian
random variable:

d̃ = d +N (0,σd) (3.14)

where the value of σd depends on the measurement type. For one-way TOA measure-
ments:

σd =
c ·σT√

n
(3.15)

and for two-way TOA measurements:

σd =
c ·σT

2
√

n
(3.16)

It can be noticed that, in this case, the error (or variance) in the distance estimation does
not depend on the actual distance between transmitter and receiver.

3.3 Positioning algorithms

As mentioned before, channel modeling localization strategies are typically used in in-
door scenarios to estimate the position of one or more mobile nodes, leveraging the fact
that they can communicate (directly or through intermediate nodes) with some reference
nodes with known positions. After estimating the distances between the nodes of the
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network, the last step to complete the localization of a node consists in using the set of
estimated distances (for example, the estimated distances between a mobile node and a
set of reference nodes) to calculate the position of the node. This is the purpose of the
positioning algorithm.

The nodes with unknown position may communicate directly, or through intermediate
nodes, with the reference nodes. In the first case, which is also the most common in
many indoor localization applications, distance estimations between the unknown node
and a sufficient number of reference nodes (at least three if the localization is done in two
dimensions, or four if it is done in three dimensions) allow determining the position in
a very simple way. In the second case, the algorithms to determine the position are a bit
more complex, as they have to combine all the measurements between pairs of nodes, but
they are based on the same idea. In this section we will describe two of the simplest and
most common positioning algorithms that have been used for RSS-based localization: the
circular positioning algorithm (Liu et al., 2006; Li, 2006) and the hyperbolic positioning
algorithm (Liu et al., 2006; Sun et al., 2005). But first, the Cramer-Rao lower bound for the
RSS-based localization problem is described, as it serves as an indicator of the minimum
variance that we can achieve with any unbiased position estimator.

3.3.1 Cramer-Rao lower bound

The Cramer-Rao lower bound for the localization problem with RSS measurements was
derived by Patwari et al. (2003) and indicates which is the minimum variance an unbiased
estimator of the position can achieve. Assuming the log-normal model (3.3), the Fisher
information matrix for a network composed of N reference nodes (with positions (xi, yi),
i = 1,2, . . . ,N) and one mobile node with unknown position (x, y) is given by:

F =

[
Fxx Fxy

Fxy Fyy

]
(3.17)

where

Fxx = b
N

∑
i=1

(x− xi)
2

d4
i

, Fyy = b
N

∑
i=1

(y− yi)
2

d4
i

, Fxy = b
N

∑
i=1

(x− xi)(y− yi)
d4

i
, (3.18)

b =
(

10η

σRSSe f f ln10

)2

(3.19)

di is the distance between the mobile node and reference node i, η is the pathloss exponent
and σRSSe f f the standard deviation of the RSS measurements. If the average RSS value
from n packets is used to perform each localization in a dynamic environment, σRSSe f f =
σ/
√

n, where σ is the standard deviation due to shadowing in the log-normal model (3.3).

The Cramer-Rao bound is easily obtained from the Fisher information matrix and its final

67



Fundamentals of radiofrequency localization techniques using channel models

expression is given by:

σ
2 = E[(x̃− x)2 +(ỹ− y)2]≥ Fxx +Fyy

FxxFyy−F2
xy

=
1
b

∑
N
i=1 d−2

i

∑
N−1
i=1 ∑

N
j=i+1

(
d⊥i jdi j

d2
i d2

j

)2 (3.20)

where di j is the distance between reference nodes i and j and d⊥i j is the shortest distance
from the mobile node to the line segment connecting nodes i and j.

As an example, figure 3.16 illustrates the value of the CRLB standard deviation for an
environment with η = 3 and σRSSe f f = 1 dB. The N reference nodes were situated following
a uniform grid in a square area of side L.
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(d) L = 50 m, N = 36

Figure 3.16: Standard deviation of the CRLB.

As it can be seen, when the reference nodes are further away from each other, the accu-
racy of the RSS-based localization tends to be worse (compare, for example, 3.16(a) and
3.16(c)). On the other hand, if the number of reference nodes increases (even though the
node density remains constant), the accuracy of the localization will be better (compare
3.16(a) and 3.16(d), both with one reference node each 10 m). It can be also noticed that
the value of the CRLB depends on the mobile position relative to the reference nodes.
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3.3.2 Circular positioning algorithm

Imagine that we want to obtain the position of a node that has estimated its distance
to three reference nodes. These three estimated distances define three circumferences
around the reference nodes. Ideally, if the distance estimations were exact, the node
should lie on the intersection of the three circumferences, as shown in figure 3.17. That is
why, if we are working in two dimensions, three reference nodes are needed to determine
the point where the node is. In the three dimensional case, distance estimations define
3D spheres around the reference nodes, therefore, in order to have a unique intersection
point, distance estimations to at least four reference nodes are needed. However, in prac-
tice, distance estimations are affected by errors, as described in section 3.2. Thus, not all
the circumferences (or spheres) around the reference nodes intersect in the same point,
and as a result an optimization algorithm must be applied to find the best position of the
node according to some criterium.

Figure 3.17: Example of the circular positioning algorithm.

One optimization criterium could be, for example, to minimize the sum of the squared
errors in the set of estimated distances. This is the basic idea of the circular positioning
algorithm: to find the position (x, y) of the mobile node that minimizes the sum of the
squared errors in the set of estimated distances. If (xi, yi) is the position of reference
node i (i = 1,2, . . . ,N, where N is the number of reference nodes) and d̃i is the distance
estimation to anchor node i, this error is given by:

ε =
N

∑
i=1

(√
(xi− x)2 +(yi− y)2− d̃i

)2

(3.21)
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The position (x, y) of the mobile node can be then calculated iteratively using for example
a straight gradient method: [

x̂
ŷ

]
k+1

=

[
x̂
ŷ

]
k

−α

[
∂ε

∂x
∂ε

∂y

]
x=x̂k, y=ŷk

(3.22)

This method requires an initial location estimation, which can be chosen as the midpoint
of the reference nodes positions. Then, the location estimation is improved by applying
the above method iteratively, using as an initial point the solution obtained from the
previous iteration.

3.3.3 Hyperbolic positioning algorithm

The hyperbolic positioning algorithm converts this problem into a linear problem that
can be solved with a least squares estimator, as we explain next. Using the previous
notation, the square of the distance between the mobile node and reference node i can be
expressed as:

d2
i = (xi− x)2 +(yi− y)2 (3.23)

Without loss of generality, the origin of coordinates can be taken at reference node i = 1,
that is, x1 = y1 = 0. Thus, for i > 1,

d2
i −d2

1 = (xi− x)2 +(yi− y)2− (x1− x)2− (y1− y)2 =

= x2
i + x2−2xxi + y2

i + y2−2yyi− x2− y2 = x2
i +−2xxi + y2

i −2yyi
(3.24)

Therefore,
2xxi +2yyi = x2

i + y2
i −d2

i +d2
1 (3.25)

Expressing (3.25) in matrix form:
2x2 2y2

...
...

2xN 2yN


[

x
y

]
=


x2

2 + y2
2−d2

2 +d2
1

...
x2

N + y2
N−d2

N +d2
1

 (3.26)

In the case of RSS-localization, we do not know the real distances di between mobile and
reference nodes. Instead, we have some noisy estimations d̃i. Therefore, our problem can
be formulated as:

H · x̄ = b̃ (3.27)

where H =


2x2 2y2

...
...

2xN 2yN

, x̄ =

[
x
y

]
and b̃ is a random vector given by:
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b̃ =


x2

2 + y2
2− d̃2

2 + d̃2
1

...
x2

N + y2
N− d̃2

N + d̃2
1

 (3.28)

Therefore, the position of the mobile node can be calculated as the least-squares solution
of this equation, given by:

x̂ = (HT H)−1HT b̃ (3.29)

Note that this hyperbolic algorithm does not directly minimize the error given by (3.21),
but a non linear function of it. In fact, the algorithm minimizes the sum of distances to
the hyperbolas defined by the substraction of two distance estimations, and this is the
reason why it is called hyperbolic algorithm.
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CHAPTER4

AN ENERGY-EFFICIENT STRATEGY

FOR ACCURATE DISTANCE

ESTIMATION IN WIRELESS SENSOR

NETWORKS

Research in localization for wireless sensor and ad hoc networks is being very active, and
a number of works have considered the energy consumption as a factor in the design
of localization techniques and algorithms. This is a critical issue, since wireless devices
have limited energy resources (batteries) which should be efficiently managed in order to
extend the life of the network as much as possible (Akyildiz et al., 2002; Sesay et al., 2004).
Consequently, practical and effective solutions are needed to perform the localization in
an energy-efficient way.

In chapter 1 we had mentioned that the localization of the nodes in a wireless network
embraced in general two different processes. The first of them was the communication
between the nodes in the network. The mission of this message exchange between the
network nodes was to obtain the radio measurements which are needed to perform the
localization. The second step was the processing of these radio measurements in order
to calculate the position of the nodes. Considering that the radio system is the most
energy demanding part of a wireless node (Anastasi et al., 2009; Raghunathan et al., 2002),
whereas the other elements (processor, memory, etc.) consume less energy, in order to
effectively reduce the amount of energy that is consumed during the localization, the
aim should be put on reducing the amount of time that the nodes are communicating,
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i.e. transmitting or receiving the radio signals that are used to measure the parameter in
which the localization is based (e.g. RSS, TOA). This is the focus of this chapter, while
next chapter will be devoted to reducing the computational complexity of the localization
algorithms, what will also contribute to reduce the global energy consumption.

Energy consumption cannot be considered independently, the accuracy of the localiza-
tion should be also taken into account, as in general, we could probably allow a higher
energy consumption if the localization result is needed to be more accurate (and con-
versely). In contrast to other works that focus on this trade-off by modifying the fre-
quency of the localization to trade higher energy consumption for better localization ac-
curacy (in terms of delay) (Xu et al., 2004; Tilak et al., 2005; Lin et al., 2006; You et al.,
2006), we propose to optimize energy consumption for any localization rate, by trading
the accuracy of the RSS or TOA measurements for energy consumption. In particular, we
propose and evaluate a strategy that minimizes the total consumed energy during the
localization process, while ensuring a certain desired accuracy in distance estimations.
Although we illustrate the results of the analysis for a particular channel and commu-
nications model, the method is directly extensible to other models. Our work includes
an exhaustive analysis based on simulations which shows that not only the energy con-
sumption is reduced with respect to other techniques, but also that the accuracy of the
localization is improved and assured to maintain a desired value. The main contributions
of this chapter are: 1) We propose a strategy to minimize energy consumption during the
localization process that assures a given localization accuracy and is based on local in-
formation at each node. 2) We include two effective modifications of the above strategy
in order to consider the effects of the signal propagation in real environments. These
modifications affect the transmission power and the packet transmission rate in order to
maintain the desired accuracy in real situations and at the same time consume less energy
that other transmission strategies.

After a revision of different strategies that have been proposed for reducing energy con-
sumption during localization in wireless networks and related work regarding the con-
sumption-accuracy trade-off in localization systems, this chapter includes the design of a
communication scheme for transmitting and receiving localization packets that is able to
achieve localization results with a particular accuracy and, at the same time, consume the
lowest possible amount of energy. The proposed transmission strategy is aimed at reduc-
ing the energy consumption in a wireless network when using a localization technique
based on the measurement of the strength (RSS) or the time of arrival (TOA) of the re-
ceived signal. In particular, we find the transmission power and the packet transmission
rate that jointly minimize the total consumed energy, while ensuring at the same time a
desired accuracy in the RSS or TOA measurements. We also propose some corrections to
these theoretical results to take into account the effects of shadowing and packet loss in
the propagation channel. The chapter finishes with an evaluation of the proposed strat-
egy in comparison to other strategies through a set of simulations based on experimental
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measurements. This evaluation shows that the proposed strategy is effective in realistic
scenarios, providing energy savings with respect to other transmission strategies, and
also guaranteeing a given accuracy in the distance estimations, which will serve to guar-
antee a desired accuracy in the localization result.

4.1 Related work

Several works have focused on the subject of reducing the energy consumption due to
the localization in wireless ad hoc or wireless sensor networks. Some approaches include
the use of dedicated hardware specially designed for this purpose, as the one proposed
by Karalar et al. (2004). However, these schemes cannot be used with commercial off-
the-shelf systems and, therefore, they are not very popular. Conversely, the greater part
of the proposals focuses on general techniques suitable for commercial devices, either by
reducing the consumption due to communication or by reducing the consumption due
to processing. We briefly review next the first class of techniques.

One of the approaches to reduce the energy consumption during the communications
consists in maintaining in active mode only a reduced amount of the nodes, while the
others are turned into sleep mode. This approach is usually followed in object track-
ing applications where a mobile target moves inside a large area covered by a wireless
sensor network. The objective of these algorithms is to reduce the energy consumption
of the sensor network by only using the necessary number of sensors in the target de-
tection task. From the information-theoretic point of view, the observation of the target
increases the information about it (or reduces the uncertainty), but the information gain
attributable to the observation with one particular sensor may be different from that at-
tributable to another, due to the different observation perspectives and sensing uncer-
tainties. A selective use of the sensors reduces the number of sensors needed to obtain
the desired information and, thus, prolongs the lifetime of the network. In the case of
object tracking applications, the estimated target position can be gradually improved by
repeatedly selecting the most informative unused sensor until the required accuracy level
is achieved. Some examples of this kind of approach can be found in Wang et al. (2004),
which propose an entropy-based heuristic for sensor selection, Kang et al. (2007), that
propose an algorithm for the selection of the active nodes based on the information util-
ity, communication cost and residual energy of each sensor node, and Xu et al. (2004), that
use a prediction of the object position to wake up the nodes that are close the predicted
position, while the rest of the nodes in the network remain in sleep mode. The energy
savings in the sensor network infrastructure can be quite high when the relation between
the number of tracked objects and the number of sensors in the network is small. How-
ever, when the application requires to monitor the position of several objects with a not
very large number of fixed nodes (reference nodes), these techniques are not so effective,
as the number of nodes that can go into sleep mode is reduced. In these situations, other
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types of energy reducing methods should be considered.

Another methodology focuses on reducing as much as possible the energy consumption
of the active nodes when they are communicating. This is usually achieved by keeping
the communication time to a minimum or by optimizing the use of the energy. These
approaches are not only concerned about the energy expenditure, but also about the cor-
responding localization accuracy, as in general, there is a trade-off between these two
parameters: the more energy is consumed for the localization, a more accurate localiza-
tion result may be obtained.

Pandey et al. (2005) were among the firsts to address this trade-off between the energy
consumption and the accuracy of localization algorithms in sensor networks. They pro-
posed a localization algorithm in which each node could choose between different meth-
ods to measure the distances to their neighbors (for example, RSS and TOA), each one
with different accuracy and different energy consumption. More accurate distance mea-
suring methods consumed more energy, so the nodes would choose between the dif-
ferent methods considering their remaining energy. The algorithm allowed to know
the amount of energy that was needed to obtain a given accuracy or the accuracy that
was achieved with a given energy consumption. A similar approach was proposed by
Constandache et al. (2009) for mobile phones in outdoor environments. They study the
accuracy and energy consumption of three localization technologies available in a mo-
bile phone (namely, GSM, WiFi and GSM) and find through dynamic programming the
one that minimizes the localization error for a given energy consumption. While these
proposals aim at choosing the best localization technique or technology in terms of the
accuracy-consumption trade-off, in practice, in a given network at a particular moment
only one technique is used to estimate the distances between the nodes, so in order to
reduce energy consumption, it would be valuable to find a transmission strategy that
minimizes the energy consumption for a given accuracy and for a given distance estima-
tion technique.

This idea is followed by some object-tracking systems, as in Xu et al. (2004); Tilak et al.
(2004, 2005); Lin et al. (2006); You et al. (2006, 2008), where the frequency of the local-
ization is modified to trade higher energy consumption for better localization accuracy.
These methods are based on the assumption that the localization accuracy deteriorates
with the target’s mobility level due to a delay error produced by the movement of the
object between the instant in which the RSS or TOA is measured and the instant in which
the position is calculated. Their general mechanisms consist in detecting or predicting
the mobility pattern of the tracked target, and then dynamically adjusting the localiza-
tion frequency. For example, Tilak et al. (2004, 2005) propose and compare three different
methods to determine the localization frequency: 1) Using a fixed frequency, 2) Using an
adaptive localization period: the next localization is scheduled at the time when the node
is supposed to have traveled a predefined distance, and it is calculated by estimating the
speed from the two previous position estimations, 3) Using a predictive method: dead
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reckoning is also used to estimate position, so that if this estimated position is similar
to the position obtained through localization, localization frequency is decreased; other-
wise, the localization frequency is increased. Some preliminary and quite idealistic sim-
ulations show that the energy consumption due to the communications is lower for the
adaptive and predictive methods when the mobility pattern is predictable (low speed, in-
frequent changes). On the other hand, the localization errors for these strategies increase
at a higher rate with the node speed. Lin et al. (2006); You et al. (2006) also propose to
modify the frequency of the localizations depending on the mobility level of the mobile
node, in order to reduce the energy consumption. In particular, they estimate the speed
of the mobile node to adapt accordingly the localization period so that the localization
error does not exceed a given error tolerance. They compare three different methods to
estimate the speed of the mobile node: 1) The mobile node is assumed to move at a con-
stant speed (the maximum possible speed in the application), 2) The speed is calculated
from the two previous position estimations, 3) Accelerometers are used to indicate if the
node is moving; then, if it is static the position is not calculated, if it is moving, speed
is calculated from the two previous position estimations. In You et al. (2008) the same
authors propose a fourth method: 4) Estimating the speed by counting the number of
steps (detecting zero-crossings of the accelerometer readings) and multiplying them by
the average human step length. The results show that the third and fourth methods have
a lower energy consumption (due to the communications), specially for low mobility, but
a bit higher non-conformance rate (exceeding desired localization error). Moreover, they
require the use of additional hardware (the accelerometers), with the subsequent increase
in the energy consumption due to the sensing operations. The same idea has been also
applied to GPS localization (Constandache et al., 2009; Jurdak et al., 2010) to find when
to switch off the GPS receiver (according to the speed of the mobile node) in order to
achieve a good trade-off between energy consumption and accuracy.

These methods try to optimize the localization frequency in order to achieve a desired
accuracy while keeping as low as possible the energy consumption. However, they do
not consider that for a given localization frequency, the accuracy of the RSS or TOA mea-
surements can also be traded for energy consumption. The intuition behind this idea is
that the accuracy of the RSS or TOA measurements may be improved by averaging sev-
eral measurements, as indicated in section 3.2, but on the other hand, in order to obtain
several measurements the communication cost will increase.

Our previous work (Tarrío, Bernardos and Casar, 2007a) proposes a communication scheme
for RSS-based localization that minimizes the energy that is consumed during the mea-
surement of the RSS while maintaining a given accuracy in this measurement. To achieve
this, the optimum relation between the transmission power and the packet transmission
rate that achieves the desired accuracy is found. Tarrío, Bernardos, Casar and Besada
(2007) extend this idea to TOA-based localization and analyze the relation between the
accuracy in the TOA measurements that is achieved with this strategy and the final ac-
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curacy of the position estimation. The sensitivity of this strategy to errors in the distance
estimation is evaluated in Tarrío, Bernardos and Casar (2007b). This chapter builds on
the strategy proposed in these previous work in order to gain a deeper insight into the
energy consumption - localization accuracy trade-off. In particular, the rest of this chap-
ter formulates mathematically the proposal of our previous work and extends it to take
into account the effects of real propagation conditions, in order that the final strategy
achieves the desired accuracy in the distance estimation even in real environments with
shadowing and packet losses.

4.2 Problem statement and assumptions for the localization
scheme

We consider here a typical scenario of a wireless multihop network composed of both
mobile nodes and nodes that are deployed at fixed positions (i.e. reference nodes). In
this scenario, the position estimation of the mobile nodes should be updated frequently
enough so that the nodes can be tracked as they move. Hence, each localization of these
nodes should be performed within a given period of time T0, which depends on the mo-
bility pattern of each node. The calculation of the most suitable value for this localization
period is beyond the scope of this chapter, but the reader may notice that some of the
methods described in section 4.1 could be used for this purpose.

As already known, the position of a node in a wireless network is usually computed from
the measurements of a parameter of the radio signal (RSS, TOA, etc.). The accuracy of the
localization will therefore depend on the accuracy of these measurements: the localiza-
tion accuracy will increase with the radio measurements accuracy, although certainly, the
exact relationship between the two will depend on how the position is calculated using
the measurements.

The measured radio parameters are random variables, so their uncertainty can be re-
duced, in general, by averaging a number of measurements. In particular, as explained
in section 3.1.1, both TOA and RSS measurements can be described as random gaussian
variables (Patwari et al., 2005), so, their standard deviation can be reduced by a factor of√

n if n measurements are averaged, provided the measurements are independent.

Let us suppose that a node will average the RSS or the TOA of all packets received during
a period of time T0, which depends on how often the localization of the node should be
performed, with the objective of achieving a given accuracy in the distance estimations.
The number of received packets (n) during this localization period will determine the
accuracy of the RSS or the TOA measurements, and therefore, the accuracy of the distance
estimation. If every transmitted packet arrived to the receiver, obviously the transmitter
node would only have to send n packets during T0, so that the receiver would average
their RSS or TOA to obtain the desired accurate value. However, due to the nature of
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the radio link, the receiver node will not receive all the packets that are transmitted by
the transmitter node. The probability of receiving a packet in a certain link, that is, the
packet reception probability (PRP) or packet reception rate, is a function of the signal to
noise ratio (SNR), (see section 4.2.1). Therefore, in order to receive n packets during a time
interval T0, packets can be sent either with a high transmission power (so that the SNR at
the receiver is high and very few transmitted packets are lost) at a rate of n/T0, or with
a lower transmission power (some packets will be lost) but at a higher rate (k/T0, with
k > n). Figure 4.1 shows an illustrative example, where the number of received packets
during the interval T0 is four, either when the transmitter sends only four packets with
a high transmission power or when the transmitter sends eight packets with a lower
power.

Transmitter Receiver

T0

t

PTX

T0

t

PTX

T0

t

PRX

T0

t

PRX

a)

b)

Figure 4.1: Example of two transmission strategies that achieve the same accuracy in the radio mea-
surements. Strategy a) consists in sending k = 4 packets during the localization period T0 with a high
transmission power. Strategy b) consists in sending k = 8 packets during the same time, but using a lower
transmission power. With both strategies n = 4 packets are received at the receiver, so the accuracy of the
radio measurement will be the same in both cases.

The goal is to optimize the transmission strategy at each node with the aim of obtaining
a given accuracy in the RSS or TOA measurements, while minimizing the energy con-
sumption in the global network. As we said at the beginning of the chapter, we will only
take into account here the energy consumption of the radio system, that is, the consumed
energy when a node is communicating with other nodes. The transmission strategy will
be defined by two parameters: the transmission power (PT X ) and the time between trans-
mitted packets (T ), that is, the inverse of the packet transmission rate (k/T0).

We will assume that all nodes in the network are synchronized; hence one-way TOA
measurements can be performed in the network. In addition, given that nodes are syn-
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chronized, they can turn off their radio when they are not transmitting or expecting to
receive a packet from another node, so idle listening is avoided and the energy consump-
tion of the radio system is only due to transmitting and receiving packets.

In order to evaluate the energy consumption during the localization procedure, some as-
sumptions about the receiver and radio channel behavior must be done. In particular, we
need to find the relation between the transmission power PT X and the packet reception
probability PRP, in order to quantify the effects of packet losses in the communications.
Therefore, first, the relation between the PRP and the SNR at the receiver must be es-
tablished, and second, an attenuation model of the channel (that is, the variation of the
received signal strength with the distance) must be also assumed. In the following we
briefly describe the simple models of the receiver and the channel that we decided to use.

4.2.1 PRP-SNR relation

The probability of a successful reception of a packet is the probability of successfully
receiving all its bits, assuming that there is no error correction. It is well known that
the probability of bit error depends on the encoding and modulation of the radio signal,
thus, the packet reception probability will also depend on them. For example, for QPSK
and BPSK modulation schemes, the packet reception probability in presence of additive
white gaussian noise and in absence of interferers is given by (Proakis and Salehi, 1995):

PRP = (1−BER)8l =
(

1−Q
(√

2
Eb

N0

))8l

=
(

1−Q
(√

2snr ·W
vb

))8l

(4.1)

where l is the length of the packet (in bytes), BER is the bit error rate, Eb/N0 is the signal
to noise ratio per bit, snr is the signal to noise ratio (in natural units), W is the signal
bandwidth, vb is the bit rate and the function Q(x) is the tail probability of the standard
normal distribution, defined as:

Q(x) =
1√
2π

∫
∞

x
e−

u2
2 du (4.2)

4.2.2 Path loss model

On the other hand, a model of the channel that relates the transmitted power to the re-
ceiver power is needed, as it will provide a relation between transmitted power PT X and
SNR at the receiver for a certain distance between them. As we already know, many chan-
nel models have been proposed for outdoor and indoor environments (Sarkar et al., 2003)
(e.g. Nakagami fading model, Rayleigh fading, Ricean fading, etc.), but one of the most
popular, due to its simplicity, is the lognormal shadowing path loss model (Rappaport,
2001), which was described in section 3.1.1. Any channel model allows us to estimate
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the distance between nodes from the received signal strength. For example, the relation
between the received power (PRX ) and the distance (d) between transmitter and receiver
for the lognormal channel model was given by equation (3.3), that we repeat here for
convenience with a slightly different notation:

PRX(dBm) = PT X(dBm)+A′−10η log
d
d0

+V (4.3)

PT X represents the transmitted power, A′ is a constant term, η is the path loss exponent,
and V ∼ N (0,σ2) is a zero-mean gaussian random variable with standard deviation σ.
The difference with respect to equation (3.3) is that the constant term A of the former
equation (which depended on the transmission power PT X , on the transmitter’s and re-
ceiver’s antenna gains and on the power loss for a reference distance d0) is represented
here as the sum of two different terms, on the one hand the transmission power PT X and
on the other hand the constant term A′ that, in this case, only depends on the transmit-
ter’s and receiver’s antenna gains and on the power loss for a reference distance d0 (but
not anymore on the transmission power PT X ).

As previously said, this channel model provides a relation between the transmitted power
(PT X ), the SNR at the receiver and the distance (d) between transmitter and receiver, i.e.:

SNR(dB) = PT X(dBm)+A′−10η log
d
d0
−NRX(dBm)+V (4.4)

where SNR, which is a random variable, is the signal to noise ratio at the receiver ex-
pressed in decibels and NRX is the noise level at the receiver.

4.3 A transmission strategy for minimizing energy
consumption

As explained in section 4.2, our goal is to optimize the transmission strategy for the lo-
calization process with the aim of obtaining certain accuracy in the distance estimations
while minimizing the energy consumption. In this section, we first include a theoreti-
cal analysis of the energy consumption during the localization procedure in terms of the
transmission strategy parameters (transmission power and packet transmission rate) and
the channel behavior (characterized through the PRP) in order to obtain general expres-
sions valid for any wireless network. Some results are also presented for the particular
models proposed in section 4.2 and a minimum consumption transmission strategy for
the localization process that guarantees a given accuracy in the distance estimations is
proposed. Then, two modifications to this ideal strategy are proposed in order to make
it practical and effective in real applications by counteracting the random effects of radio
propagation.
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4.3.1 Energy consumption analysis

Let us consider a certain link of a network like the one described in section 4.2, consisting
of a transmitter node, which will periodically send packets, and a receiver node, which
will measure the RSS or the TOA of all received packets. The receiver will average all the
measurements obtained during the localization period T0, so that the standard deviation
of the measurements can be reduced by a factor of

√
n. Therefore, a desired accuracy in

the measure of the RSS or the TOA imposes a minimum number of received packets n.

On the other hand, when k packets are transmitted, the average number of packets that
are finally received depends on the packet reception probability:

n = k ·PRP =
T0

T
·PRP (4.5)

Consequently, a desired accuracy in the RSS or the TOA imposes a relationship between
T and PRP, given T0. As shown in section 4.2.1, the PRP depends on the snr at the receiver.
As a result, a desired accuracy imposes a relationship between snr and T . Among all snr-
T pairs that ensure the required number of received packets, we want to find the one
with the lowest energy consumption.

The consumed energy at transmission during T0 is given by:

Etx = k ·Ep = k · ptx ·Tp =
n · ptx ·Tp

PRP
(4.6)

where k is the number of transmitted packets during the period T0, Ep is the consumed
energy when transmitting a single packet, ptx is the transmission power, Tp is the packet
length and n is the average number of received packets. Since the localization procedure
is periodic with period T0, this consumed energy is an appropriate parameter to analyze
the energy efficiency.

If we assume that the receiver is awake and listening to possible receptions only at given
periods of time (previously negotiated with the transmitter), the consumed energy at
reception during T0 is given by:

Erx = Crx ·Tr (4.7)

where Tr is the reception period and Crx is the consumption when the node is in receiving
mode. Erx is constant, as Crx is a constant value that depends on the hardware character-
istics. Therefore, in order to minimize the total energy consumption, we will only need
to minimize the energy consumption during transmission.

Substituting the expression of the packet reception probability (4.1) into (4.6), we have
that:

Etx =
n · ptx ·Tp(

1−Q
(√

2 · snr · W
vb

))8l (4.8)
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On the other hand, converting (4.4) from logarithmic to natural units, we obtain the fol-
lowing relation between the transmission power ptx and the snr:

snr =
ptx ·a

dη ·nrx
·X (4.9)

where nrx is the noise level at the receiver in miliwatts (i.e., NRX expressed in natural units)
and a is the value of A′ for d0 = 1 m expressed in natural units. X is a log-normal random
variable with parameters µX = 0 and σX = σ · ln10/10, as proved below:

X = 10
V
10 ∼ 10

N (0,σ2)
10 = 10N

(
0,( σ

10)
2
)

(4.10)

logX ∼N
(

0,
(

σ

10

)2
)

(4.11)

lnX ∼ ln10 ·N
(

0,
(

σ

10

)2
)

= N

(
0,

(
σ ln10

10

)2
)

(4.12)

Therefore, substituting (4.9) into (4.8), we obtain the following relation between the en-
ergy consumption Etx and the snr:

Etx =
n ·Tp(

1−Q
(√

2 · snr · W
vb

))8l ·
dη ·nrx · snr

a
·X (4.13)

where snr is the mean value of the SNR expressed in natural units.

Or more compactly:

Etx =
n Tp vb dη nrx

2 Wa
· x2

(1−Q(x))8l ·X (4.14)

where we have set

x =
√

2 · snr ·W
vb

(4.15)

It can be obviously noticed that, for a given distance, the greater the required accuracy
(described by n), the more energy will be consumed. On the other hand, as the distance
between transmitter and receiver increases, the consumed energy increases as well, for
a given desired accuracy. Finally, note that ET X is a random variable composed of a
constant multiplied by a log-normal random variable, therefore, it is itself another log-
normal random variable, with parameters µE and σE given by:

µE = ln
(

n Tp vb dη nrx

2 Wa
x2

(1−Q(x))8l

)
(4.16)

σE = σX (4.17)
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Since the expected value of a log-normal random variable with parameters µ and σ is
given by eµ+σ2/2, the mean value of the energy consumption will be:

Etx =
n Tp vb dη nrx

2 Wa
· x2

(1−Q(x))8l · e
1
2( σ·ln10

10 )2

(4.18)

In order to obtain the value of snr for which the average energy consumption reaches a
minimum, we derive (4.18) with respect to the snr:

∂Etx

∂snr
=

∂Etx

∂x
· ∂x

∂snr
(4.19)

with

∂Etx

∂x
=

n Tp vb dη nrx

2 Wa
· e 1

2( σ·ln10
10 )2

· 2x(1−Q(x))8l− x2 ·8l · (1−Q(x))8l−1 · (−Q′(x))

(1−Q(x))2·8l (4.20)

∂x
∂snr

=
2 · W

vb

2 ·
√

2 · snr · W
vb

=
W

vb · x
(4.21)

The first derivative of function Q can be easily calculated from its definition (4.2):

Q(x) =
1√
2π

∫
∞

x
e−

u2
2 du ⇒ Q′(x) =

1√
2π

(
e−

∞2
2 − e−

x2
2

)
=−e−

x2
2√

2π
(4.22)

Substituting this value into (4.20):

∂Etx

∂x
=

n Tp vb dη nrx

2 Wa
· e 1

2( σ·ln10
10 )2

·
2x(1−Q(x))8l− x2 ·8l · (1−Q(x))8l−1 · 1√

2π
· e− x2

2

(1−Q(x))2·8l =

=
n Tp vb dη nrx

2 Wa
· e 1

2( σ·ln10
10 )2

·

 2x

(1−Q(x))8l −
8lx2 · 1√

2π
· e− x2

2

(1−Q(x))8l · (1−Q(x))

 (4.23)

Finally, substituting (4.23) and (4.21) into (4.24):

∂Etx

∂snr
=

n Tp vb dη nrx

2 Wa
· e 1

2( σ·ln10
10 )2

·

 2x

(1−Q(x))8l −
8lx2 · 1√

2π
· e− x2

2

(1−Q(x))8l · (1−Q(x))

 · W
vb · x

(4.24)

The value of x for which this expression is equal to 0 gives the minimum average energy
consumption:

∂Etx

∂snr

∣∣∣∣
x=x∗

= 0 ⇒

 2x∗

(1−Q(x∗))8l −
8lx∗2 · 1√

2π
· e− x∗2

2

(1−Q(x∗))8l · (1−Q(x∗))

 · 1
x∗

= 0 (4.25)
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From which we finally obtain that the value of x for which the average energy consump-
tion reaches a minimum (x∗) satisfies the following expression:

x∗e−x∗2/2

(1−Q(x∗))
=
√

2π

4l
(4.26)

And the corresponding value of signal to noise ratio is:

snr∗ =
x∗2

2 · W
vb

(4.27)

or, in decibels:

SNR∗ = 10log
x∗2

2 · W
vb

(4.28)

In conclusion, if we manage to achieve this SNR∗ at the receiver, the energy consumption
will be minimized.

To provide some illustrative results, figure 4.2 shows the energy consumption as a func-
tion of the SNR for the parameters of our sensor network, which performs a localization
once a second, that is, T0 = 1 s, and uses 8-bytes packets, with Tp = 256 µs. The estimated
values of the channel parameters are η = 2.5 and A′ = -80 dBm and the noise level at the
receiver is NRX = -87 dBm. The signal bandwidth was W = 2 MHz and the bit rate vb =
250 kbps. The energy consumption was calculated for different values of n and d. Notice
that, for a given distance, the greater the required accuracy (described by n), the more
energy is consumed. On the other hand, as the distance between transmitter and receiver
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Figure 4.2: Energy consumption (in milijoules) as a function of the SNR at the receiver for different values
of n and d. The parameters of the simulated scenario were: T0 = 1 s, Tp = 256 µs, η = 2.5, A′ = -80 dBm,
NRX = -87 dBm, W = 2 MHz and vb = 250 kbps.
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increases, the consumed energy increases as well, for a given desired accuracy. However,
the optimum value of the SNR remains the same, independently of the values of n and d
(as expected from (4.26) and (4.27)). We can see in Fig. 4.2 that if the optimum SNR value
is not achievable, it would be better to use a higher transmission power, as the increase
of power consumption with the SNR is slower for higher values of SNR.

On the other hand, note that the desired accuracy imposed a relationship between snr and
T , thus, there is an optimum value of T corresponding to snr∗, which can be calculated
from (4.1) and (4.5):

T ∗ =
T0

n
·
(

1−Q
(√

2snr∗ ·W
vb

))8l

(4.29)

In conclusion, among the pairs snr-T that satisfy a desired accuracy, there is a pair snr∗-T ∗

for which the energy consumption is minimum. For that reason, in order to measure the
RSS or the TOA with certain accuracy, the strategy that we propose consists in transmit-
ting packets with a packet rate of 1/T ∗ and such a transmission power P∗T X that the snr
at the receiver is equal to snr∗. This optimum value of the transmission power can be
calculated from (4.4):

P∗T X = SNR∗−A′+10η log
d
d0

+NRX (4.30)

As it can be noticed, in order to calculate the optimum value of PT X , the distance d be-
tween transmitter and receiver should be known. In practice, this real distance between
the nodes is unknown, thus, an estimate of the distance between transmitter and receiver
should be used instead. This distance estimation can be obtained for instance from the
RSS or TOA measurements of the previous localization period.

Note (from (4.26)) that the optimum value x∗ only depends on the packet length, there-
fore, the optimum value of snr at the receiver to achieve the lowest energy consumption
does not depend on the accuracy we want to obtain or on the propagation characteris-
tics, it only depends on the packet length and on the W/vb ratio (see (4.27) or (4.28)), i.e.
its value is constant for a given network. Figure 4.3 shows the optimum values of SNR
for different packet lengths and W/vb ratios. This is an interesting result from a practical
point of view, as it implies that the value of snr∗ does not need to be calculated in real
time, which would be costly from a computational point of view, as it involves solving
expression (4.26) iteratively. Therefore, the proposed strategy only involves very sim-
ple operations to calculate the optimum values of T ∗ and P∗T X from the known value of
snr∗ and, yet, guarantees the desired accuracy in the measurements while achieving the
minimum energy consumption. This results in a very useful and attractive technique
for battery-powered wireless devices which are deployed to perform the localization of
people or objects. Although we have derived here the particular expressions for the spe-
cific case of our channel and receiver models, the strategy is directly extendable to other
models.
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Figure 4.3: Optimum value of SNR for different packet lengths and W/vb ratios.

4.3.2 Practical considerations

In a real environment the random nature of the propagation channel will have some
effects on the proposed strategy that should be overcome. In particular, both the trans-
mission power and the packet transmission rate need to be modified in order to maintain
the desired accuracy when real propagation conditions are considered. In the rest of this
section we explain how and why these two parameters of the transmission strategy have
to be corrected.

On one hand, the proposed strategy relies on the calculation of the transmission power
that is necessary to reach the receiver with the optimum snr. As commented previously,
an estimation of the distance between the nodes is necessary for this calculation. In real
deployments, the distance estimations calculated from TOA or RSS measurements are
affected by errors (see sections 3.2.2 and 3.2.1), so the transmission power that is used
to reach the receiver with the desired snr may be different from the optimum (see sec-
tion 4.3.3 for an analysis of how this fact affects the consumed energy). For example, in
the case of RSS-based localization, in which distances are estimated from the received
signal strength of the received packets, distances are usually underestimated. The reason
is that the packets with low snr suffer from a higher loss probability, according to (4.1),
and, thus, it is more probable to estimate the distance from higher-power packets, which
will yield shorter distance estimations. If the transmission power corresponding to this
underestimated distances is used, the packets will arrive at the receiver with a snr lower
than snr∗, and consequently, there will be more packet losses than desired. In order to
avoid this effect, the transmission power has to be corrected.

To clarify this effect, imagine a wireless network that is performing the localization of
some mobile nodes following the strategy proposed in section 4.3.1. And consider that
at a given localization interval a node A has sent k = 5 localization messages with a given
transmission power. If the propagation channel was ideal, these k packets would arrive
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to a node B all with the same power, and thus, with the same SNR. Let us suppose for
example that they would arrive with PRX = -90 dBm and SNR = -3 dB (considering that
NRX = -87 dBm). However, due to the effects of the propagation, these messages will
arrive at a node B with different powers, and thus, different values of SNR. Imagine, for
instance, that they arrive with the following powers: -92 dBm, -91 dBm, -90 dBm, -89
dBm and -88 dBm (the corresponding values of SNR would be -5 dB, -4 dB, -3 dB, -2 dB
and -1 dB). If node B received all these packets, the average value of the RSS would be
-90 dBm, as in the ideal case. But in practice node B may loose some of these packets
and, according to (4.1), the ones with lower SNR are more likely to be lost. Imagine for
example the situation in which node B only receives the four packets with higher SNR. In
this case, the average value of the RSS would be -89.5 dB, higher than in the ideal case,
so the distance estimated from this RSS value would be underestimated. As this kind of
situation (loosing packets with low SNR) has a greater probability than loosing packets
with high SNR, it will be more probable to underestimate a distance than to overestimate
it. Therefore, the nodes will usually think that they are closer to their neighbors and
the transmission power that they will use to reach them with the desired SNR∗ will not
usually be enough. In the previous example, the transmission power that node B would
use to reach node A with the desired SNR∗ would be 0.5 dB lower that the ideal one,
and as a result, the desired SNR∗ would not be achieved at node A. For this reason, a
correction for the estimated transmission power is needed.

According to (4.4), the SNR (in decibels) of the packets that arrive at the receiver follows
a normal distribution with mean SNR = PT X + A′−10η logd/d0−NRX and standard devi-
ation σ (see an example in figure 4.4). Therefore, in natural units, the snr of these packets
will be a log-normal random variable with parameters µsnr = SNR · ln10/10 = ln10SNR/10

and σsnr = σ · ln10/10, i.e, lnsnr is a normal distribution with mean value µsnr and standard
deviation σsnr, as proved below. Figure 4.5 shows an example of some snr distributions
for different values of SNR and σ.

SNR = 10 · logsnr = 10 · lnsnr
ln10

(4.31)

lnsnr =
ln10
10
·SNR∼ ln10

10
·N
(
SNR,σ2)= N

(
SNR · ln10

10
,

(
σ · ln10

10

)2
)

(4.32)

Among all the packets that reach the receiver, some are successfully received but some
are not and the probability of a successful reception depends on the value of the snr,
according to (4.1). Thus, the probability density function of the snr given that the packet
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Figure 4.4: Probability density function of the SNR for different values of SNR and σ.
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Figure 4.5: Probability density function of the snr for different values of SNR and σ.

has been received can be expressed by:

fsnr/rx(snr) =
fsnr(snr) ·PRP(snr)∫ +∞

−∞
fsnr(snr) ·PRP(snr) ·dsnr

=
1

snr·σsnr
√

2π
· e−

(lnsnr−µsnr)2

2σ2
snr ·

(
1−Q

(√
2 · snr · W

vb

))8l

∫ +∞

−∞

1
snr·σsnr

√
2π
· e−

(lnsnr−µsnr)2

2σ2
snr ·

(
1−Q

(√
2 · snr · W

vb

))8l
dsnr

(4.33)

From this expression, the probability density function of the SNR of the successfully re-
ceived packets can be calculated using the change of variable rule:

fSNR/rx(SNR) =
fsnr/rx(SNR)

∂SNR
∂snr

(4.34)
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Knowing that SNR = 10 · logsnr:

∂SNR
∂snr

= 10 · 1
snr
· loge = 10 · 1

snr
· 1

ln10
= 10 · 1

10SNR/10 ·
1

ln10
(4.35)

Therefore:

fSNR/rx(SNR) =
fsnr/rx(SNR)

∂SNR
∂snr

=
ln10
10
·10SNR/10 · fsnr/rx(SNR) (4.36)

As it can be seen from the above expressions, the probability density function of the snr
(and the SNR) of the packets that are successfully received, depends on the packet length
l and the ratio W/vb (obviously, it also depends on the mean and standard deviation of
the SNR). Figures 4.6 and 4.7 show some graphical examples of the probability density
function of the SNR and snr of the successfully received packets for different values of
the packet length and different values of the W/vb ratio. As it can be seen, the higher the
packet length and the lower the ratio W/vb, the more the probability density function is
affected by the packet reception probability, and the greater difference exists between the
theoretic average of the SNR (SNR) and the average of the SNR of the effectively received
packets.
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Figure 4.6: Probability density function of the SNR of the successfully received packets for SNR = -5 dB and
σ = 3 dB, for different values of l and W/vb. The black dotted line shows the probability density function of
the SNR before reception, which corresponds to the red line of figure 4.4.

If the received packets are used to estimate the distance, the transmission power neces-
sary to reach the receiver with the desired snr∗ calculated from them (P̃T X ) will be different
from the optimum transmission power (P∗T X ). This optimum transmission power is given
by the true distance:

P∗T X = SNR∗−A′+10η log
d
d0

+NRX (4.37)

whereas P̃T X is calculated from the estimated distance:

P̃T X = SNR∗−A′+10η log
d̃
d0

+NRX (4.38)
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Figure 4.7: Probability density function of the snr of the successfully received packets for SNR = -5 dB and
σ = 3 dB, for different values of l and W/vb. The black dotted line shows the probability density function of
the snr before reception, which corresponds to the red line of figure 4.5.

For the case of RSS-based localization, the distance is estimated from the average value
of the received signal strength of the received packets:

PRX = PT X +A′−10η log
d̃
d0

⇒ A′−10η log
d̃
d0

= PRX −PT X = SNRrx +NRX −PT X (4.39)

so, substituting (4.39) into (4.38), we have that the calculated transmission power is given
by:

P̃T X = SNR∗−SNRrx +PT X (4.40)

where SNRrx is average value of the signal to noise ratio of the successfully received pack-
ets. On the other hand, according to (4.4), the average value of signal to noise ratio before
reception is given by:

SNR = PT X +A′−10η log
d
d0
−NRX (4.41)

Thus, substituting (4.41) into (4.37), we obtain the following expression for the optimum
transmission power:

P∗T X = SNR∗−SNR+PT X (4.42)

Finally, using (4.40) and (4.42), the difference between transmission power necessary to
reach the receiver with the desired snr∗ calculated from the estimated distance (P̃T X ) and
the optimum transmission power (P∗T X ), given by the true distance, can be expressed as:

P∗T X − P̃T X = SNRrx−SNR (4.43)

As a consequence, the estimated transmission power has to be corrected by adding a
margin M equal to (4.43). In other words, this margin must be calculated as the differ-
ence between the mean value of the SNR of the successfully received packets and the
theoretical mean value of the SNR. Considering that all the nodes in the network use the
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proposed strategy, the theoretical mean value of the SNR will be equal to the SNR∗ given
by (4.28), thus:

M = SNRrx−SNR∗ (4.44)

On the other hand SNRrx can be calculated numerically using (4.36) and (4.46), where the
parameter µsnr of the distribution is the one corresponding to the optimum SNR: µsnr =
SNR · ln10/10 = SNR∗ · ln10/10. Figure 4.8 shows the value of this margin as a function of
the standard deviation of the SNR for different packet lengths. This margin was seen to
be independent of the value of W/vb, and nearly independent of the packet length, as it
can be seen in the figure. Notice that the standard deviation corresponds to the effective
standard deviation, that is, the standard deviation of the shadowing σ divided by the
square root of the number of packets that are used to average the RSS and estimate the
distance.
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Figure 4.8: Correction margin for the transmission power calculated from estimated distances in RSS-
based localization.

On the other hand, even when the optimum transmission power is used, the final snr
at the receiver may not be the desired one, as the propagation is again affected by ran-
dom shadowing. In fact, the snr at the receiver will be a log-normal random variable
and, therefore, the PRP and n will also be random variables and their probability density
functions can be calculated easily according to (4.1) and (4.5).

In particular, the probability density function of the PRP can be calculated as:

fPRP =
fsnr

∂PRP
∂snr

(4.45)
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On the one hand, the snr follows a log-normal distribution with parameters µsnr = SNR ·
ln10/10 = ln10SNR/10 and σsnr = σ · ln10/10, as proved in (4.31) and (4.32), so its probability
density function can be expressed as:

fsnr =
1

snr ·σsnr
√

2π
· e−

(lnsnr−µsnr)2

2σ2
snr (4.46)

On the other hand, knowing that PRP = (1−Q(x))8l , with x =
√

2 · snr · W
vb

(see equations
(4.1) and (4.15)), we have:

∂PRP
∂snr

= 8l · (1−Q(x))8l−1 · −∂Q
∂x
· ∂x

∂snr
(4.47)

and substituting the values of ∂Q/∂x and ∂x/∂snr from equations (4.22) and (4.21):

∂PRP
∂snr

= 8l · (1−Q(x))8l−1 · e
− x2

2√
2π
· W

vb · x
= 8l · PRP

1−Q(x)
· e
− x2

2√
2π
· W

vb · x
(4.48)

Therefore, substituting (4.46) and (4.48) into (4.45), we obtain that the probability density
function of the PRP can be written as:

fPRP =
√

2πvb

8lW
· x(1−Q(x))

PRP · e−x2/2
· 1

snr ·σsnr
√

2π
· e−

(lnsnr−µsnr)2

2σ2
snr (4.49)

where µsnr = ln10SNR/10 = ln10SNR∗/10 = lnsnr∗, σsnr = σ · ln10/10, x =
√

2 · snr ·W/vb and
snr = vb/2W ·

(
Q−1

(
1−PRP1/8l

))2
.

Thus, knowing that n = k ·PRP, the probability density function of n can be calculated as:

fn(n) =
1
k
· fPRP(n) =

PRP∗

nob j
· fPRP(n) (4.50)

where nob j is the desired number of received packets and PRP∗ is the value of the packet
reception probability corresponding to the optimum snr, i.e:

PRP∗ =
(

1−Q
(√

2 · snr∗ ·W
vb

))8l

(4.51)

The mean value of n (n) can be then calculated numerically from (4.50), resulting that
this value is lower than the desired one nob j. Figure 4.9 shows the relation between nob j

and n for different values of l and W/vb for the case of RSS-based localization as a func-
tion of the standard deviation of the SNR distribution. Again, the standard deviation
here corresponds to the effective standard deviation, that is, the standard deviation of
the shadowing σ divided by the square root of the number of packets that are used to av-
erage the RSS and estimate the distance. It can be seen that the mean value of n is lower
when the packet is longer and when the ratio W/vb is lower. As a consequence, in order
to get the desired number of received packets at the receiver it is not enough to send the
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corresponding number of transmitted packets (k = nob j/PRP∗): this value must be cor-
rected using the factor f = nob j/n, in order to counteract the effects of the propagation in
real deployments. Therefore, the estimated value of T ∗ calculated from (4.29) must be in
practice divided by f = nob j/n in order to guarantee that the expected number of received
packets is in fact nob j.
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Figure 4.9: Ratio between the desired number of received packets (nob j) and the mean value of n (n).

In conclusion, taking into account these practical considerations, the optimal strategy
proposed in section 4.3.1 should be modified by increasing the transmission power and
the packet transmission rate. The resulting optimal strategy consists in transmitting pack-
ets with a packet rate of 1/T ∗ and a transmission power P∗T X given by the following ex-
pressions:

T ∗ =
T0

nob j
·
(

1−Q
(√

2snr∗ ·W
vb

))8l

· 1
f

(4.52)

P∗T X = P̃T X +M = SNR∗−A′+10η log
d̃
d0

+NRX +M (4.53)

where the factor f = nob j/n depends on the packet length l, on the ratio W/vb and on the
standard deviation of the SNR distribution, and can be obtained numerically from (4.50)
or from figure 4.9; and the margin M = SNRrx−SNR∗ (4.44) depends on the packet length
l (slightly) and on the standard deviation of the SNR distribution, and can be obtained
numerically using (4.36) and (4.46) or from figure 4.8.

Although the energy consumption will increase when these two corrections are included
in the transmission strategy, they are necessary to achieve the desired number of received
packets in real environments and, therefore, to achieve the desired accuracy; otherwise,
the accuracy would not be guaranteed. Nevertheless, the final energy consumption is
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very small and still entails significant savings with respect to other transmission strate-
gies.

4.3.3 Sensitivity analysis

As presented above, the optimal strategy lies on the calculation of two parameters: the
packet transmission rate and the transmission power. While the optimum value of the
packet rate can be calculated easily from (4.29), where all the variables are perfectly
known, the optimum value for the transmission power (4.42) depends on the real dis-
tance between transmitter and receiver, which in practice is not perfectly known and has
to be estimated. Any error in the estimation of this distance will lead to an estimated
transmission power different from the optimum, and this will affect both the energy con-
sumption and the accuracy of the strategy. In this section we first analyze the sensitiv-
ity of the proposed strategy to errors in the estimated transmission power and then we
study how the distance estimation errors propagate to errors in the estimated transmis-
sion power, and therefore affect the energy consumption and the accuracy.

Let us suppose a transmitter node X that has to send packets to another node Y, so that
Y receives in average nob j packets during the period T0. As the optimum snr at receiver
node Y is known, node X can calculate the optimum value of T (T ∗) that satisfies the
desired accuracy using (4.29). Thus, the number of packets k that should be transmitted
during each localization interval T0 can be obtained (k = T0/T ∗). On the other hand, the
optimum transmission power P∗T X can be obtained from (4.4), assuming that the distance
between transmitter node X and receiver node Y is known. If this values of P∗T X and T ∗

are used to transmit the localization packets, the energy consumption will be minimized
and, at the same time, the receiver will receive the desired number of packets nob j. An
error in the distance estimation will produce an error in the estimated optimum trans-
mission power, which will lead to the use of a transmission power P̃T X different from
the optimum P∗T X . If the estimated transmission power is greater than P∗T X , the energy
consumption will increase with respect to the minimum Emin and the number of received
packets will increase as well with respect to nob j, although it is not necessary. If the esti-
mated transmission power is lower than P∗T X , the energy consumption will diminish, but
the number of received packets will not be sufficient.

In particular, the relation between the energy consumption E ′ corresponding to the esti-
mated transmission power and the minimum value Emin (corresponding to the optimum
transmission power P∗T X ) can be easily calculated from (4.6), taking into account that the
number of transmitted packets k does not depend on the distance estimation (k = T0/T ∗):

E ′

Emin
=

k · p̃tx ·Tp

k · p∗tx ·Tp
=

10P̃T X /10

10P∗T X /10 = 10
P̃T X−P∗T X

10 (4.54)

where p̃tx and p∗tx are P̃T X and P∗T X expressed in milliwatts.
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Figure 4.10 shows how the errors in the transmission power affect the consumed energy
by representing the relation E ′/Emin as a function of the error in the estimated transmis-
sion power. This relation is valid for any value of nob j, for any W/vb ratio, for any packet
length l and for any distance between transmitter and receiver.
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Figure 4.10: Effect of the error in the transmission power on the energy consumption.

On the other hand, the relation between the number of received packets n corresponding
to the estimated transmission power and desired number of received packets nob j can
be calculated from (4.5), taking into account that the PRP depends on the transmission
power, since it depends on the snr:

n
nob j

=
k ·PRP(P̃T X)
k ·PRP(P∗T X)

(4.55)

Figure 4.11 shows the relation n/nob j as a function of the error in the estimated transmis-
sion power. The relation is valid for any value of nob j, for any W/vb ratio and for any
distance between transmitter and receiver, but depends on the packet length l.

As shown in figure 4.10, the consumed energy E ′ corresponding to the estimated trans-
mission power P̃T X will be greater than the minimum value (Emin) if the transmission
power is overestimated. Furthermore, it can be seen that the relation between the er-
ror in the transmission power (P̃T X −P∗T X ) and the corresponding energy consumption
is exponential (4.54). For example, if the transmission power is overestimated in 1 dB
the energy consumption will be a 26% higher than Emin, if it is overestimated in 2 dB
the energy consumption will be a 59% higher than Emin, and if it is overestimated in 3
dB the energy consumption will be doubled with respect to Emin. On the other hand, as
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Figure 4.11: Effect of the error in the transmission power on the number of received packets.

shown in figure 4.11, the number of received packets n will be lower than the desired
nob j if the transmission power is underestimated. Notice that the behavior is quite sharp,
specially for longer packets, as the range of SNR values for which the PRP is not close
to 0 or 1 is quite small. For example, for 40-bytes packets, if the transmission power is
underestimated in only 1.4 dB, the number of received packets will be halved with re-
spect to the objective nob j, and if the transmission power is underestimated in more than
4 dB, the number of received packets will be practically zero. This general behavior of
the energy consumption and the accuracy with respect to the error in the estimated trans-
mission power is valid for both TOA-based and RSS-based localization schemes, but as
the probability distribution of the distance estimation is different for the two localization
schemes (see section 3.2), the probability distribution of P̃T X −P∗T X will also be different.
Therefore, the frequency of underestimations and underestimations of the transmission
power will depend on the distance estimation method, and this will affect the probability
distribution of the energy consumption and the number of received packets, as we will
see next.

The error in the transmission power, according to (4.37) and (4.38) can be calculated as:

∆PT X = P̃T X −P∗T X(dB) = 10η log
d̃
d

(4.56)

where d̃ is the estimated distance and d the true distance. Therefore, its probability den-
sity function will be:

f∆PT X (∆PT X) =
fd̃ (∆PT X)

∂∆PT X
∂d̃

(4.57)
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where
∂∆PT X

∂d̃
= 10η · 1

d̃
· loge =

10η

ln10
· 1

d̃
(4.58)

d̃ = d ·10
∆PT X
10η (4.59)

and fd̃ depends on the distance estimation method. Thus,

f∆PT X (∆PT X) =
ln10
10η
·d ·10

∆PT X
10η · fd̃ (∆PT X) (4.60)

Sections 3.2.2 and 3.2.1 derive the expressions of d̃ for TOA-based and RSS-based local-
ization respectively. In a TOA-based localization scheme the distance estimation is given
by (3.14), that we repeat here for convenience:

d̃ = d +N (0,σd) (4.61)

That is, the probability density function fd̃ in the TOA case will be gaussian, with mean
d and standard deviation σd , where, as explained in section 3.2.2, σd = c ·σt/

√
n for one-

way TOA measurements and σd = c ·σt/2
√

n for two-way TOA measurements. With this
in mind, the probability density function of the error in the transmission power f∆PT X

can be calculated from (4.60). On the other hand, in a RSS-based localization scheme the
distance estimation is given by (3.7), that we repeat here for convenience:

d̃ = d ·10
N (0,σRSSe f f )

10η (4.62)

with σRSSe f f = σ/
√

n. Substituting this expression into (4.56), we obtain that the difference
between calculated and optimum transmission power will be given by:

P̃T X −P∗T X = N (0,σRSSe f f ) (4.63)

that is, the probability density function of the error in the transmission power f∆PT X will
be gaussian, with zero mean and standard deviation σRSSe f f .

As the probability distribution of P̃T X −P∗T X is different depending on the distance esti-
mation method, the probability distribution of the energy consumption will also depend
on the estimation method. Figure 4.12(a) shows the probability density function of the
relative energy consumption (E ′/Emin) for the case of TOA-based localization. The differ-
ent curves correspond to different values of the relation between σd and d. Notice that
the individual values of σd and d do not have any influence, as long as the relation σd/d
remains the same. This can be easily understand from (4.56) and (4.61):

∆PT X = P̃T X −P∗T X = 10η log
d̃
d

= 10η log
d +N (0,σd)

d
= 10η logN (1,σd/d) (4.64)

For RSS-based localization, the probability distribution of the energy consumption is
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shown in figure 4.12(b) for different values of σRSSe f f . In both cases, when the standard
deviation (σd or σRSSe f f ) is bigger, the probability of consuming a high amount of en-
ergy is higher. Furthermore, the mean value of E ′/Emin also increases when the standard
deviation increases.
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Figure 4.12: Probability density function of E ′/Emin for TOA-based and RSS-based localization schemes.
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Figure 4.13: Probability density function of n/nob j for TOA-based and RSS-based localization schemes.

Similarly, the probability distribution of the number of received packets will also depend
on the distance estimation method. Figure 4.13(a) shows the probability density function
of the relative number of received packets (n/nob j) for the case of TOA-based localization.
The different curves correspond to different values of σd/d and a packet length of l = 5
bytes (different packet lengths produce similar results, but a little more sharper as the
packet length increases). Notice again that the individual values of σd and d do not have
any influence, as long as the relation σd/d remains the same. For RSS-based localization,
the probability distribution of the number of received packets is shown in figure 4.13(b)
for different values of σRSSe f f and a packet length of l = 5 bytes (again, longer packets
lead to similar but little sharper results). In both cases, when the standard deviation
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(σd or σRSSe f f ) is bigger, the probability of not receiving the desired number of packets
is higher. It can be also seen that if the standard deviation is over a certain threshold,
the pdf begins to be bimodal. This is due to the fact that the margin of SNR for which
the PRP takes intermediate values is small, so if the standard deviation is big enough,
the probability of receiving packets with a very low or very high SNR (enough to make
PRP = 0 or PRP = 1 respectively) is significant.

4.4 Application to real hardware

The proposed strategy has been derived from the assumption that the power consump-
tion of the transmitter is equal to the transmitted power, as it can be noticed from (4.6).
However, for state-of-the-art real devices, this assumption is not true due to the ineffi-
ciencies of the hardware. A realistic power consumption model for WSN devices was de-
veloped by Wang et al. (2006) by incorporating the characteristics of a typical low power
transceiver. According to this study, the internal structure of a communication module
found in a typical WSN node consists of various components: a baseband digital signal
processing circuit, a transmission circuit connected to a power amplifier, and a reception
circuit connected to a low noise amplifier, as shown in figure 4.14.

Figure 4.14: Internal structure of the communication module.

Based on this structure, the total power consumption for transmitting and for receiving
can be calculated as:

pT = pT b + pTr f + pA = pT 0 + pA (4.65)

pR = pRb + pRr f + pL = pR0 (4.66)

where pT b and pRb are the power consumptions in the baseband DSP circuit for transmit-
ting and receiving, pTr f and pRr f are the power consumptions in the front-end circuits for
transmitting and receiving, pA is the power consumption of the power amplifier and pL

is the power consumption of low noise amplifier. Since pT b and pTr f do not depend on
the transmission range, the two components can be modeled as a constant, pT 0. Similarly,
the power consumption of the receiving circuitry can be modeled as a constant, pR0, since
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pRb and pRr f are clearly not dependent on transmission range, and pL is also a constant
while assuming that the LNA is properly designed and biased to provide the necessary
sensitivity to reliably receive, demodulate and decode a minimum power signal. While
there are many types of RF power amplifiers, the total power consumption of a power
amplifier pA will depend on many factors including the specific hardware implementa-
tion, DC bias condition, load characteristics, operating frequency and output power. In
general, the ratio between the transmission power (RF output power) and the DC input
power of a power amplifier is called the drain efficiency (ε = ptx/pA) and is less than
100%. For example, simple class A power amplifiers have a maximum drain efficiency
of 50% as equal amounts of power are dissipated in the bias circuitry and in the load.
The drain efficiency typically varies with the transmission power. In particular, for most
types of power amplifiers, the drain efficiency increases with the transmission power. As
described in (Wang et al., 2006), by combining the concept of drain efficiency with (4.65)
and (4.66), the power consumption of the communication module can be finally modeled
as:

pT = pT 0 + ptx/ε (4.67)

pR = pR0 (4.68)

where the variation of ε with the transmission power depends on the particular charac-
teristics of each transceiver.

In order to take into account these differences with respect to the ideal case (power con-
sumption at transmission equal to transmission power), the theoretical strategy previ-
ously proposed has to be slightly modified. The energy consumption for the ideal case,
given by (4.6), was proportional to the transmission power ptx. We repeat here its expres-
sion for convenience:

Eideal = k · ptx ·Tp (4.69)

In a more realistic case, the energy consumption will be proportional to the power con-
sumption at transmission pT , which depends on the transmission power in a non linear
way, as it can be seen in (4.67) (notice that the drain efficiency ε typically increases with
the transmission power):

Ereal = k · pT ·Tp (4.70)

Therefore, the real energy consumption is related to the ideal one (4.69) by the following
expression:

Ereal = Eideal ·
pT

ptx
= Eideal ·

pT 0 + ptx/ε

ptx
= Eideal ·

(
pT 0

ptx
+

1
ε

)
= Eideal ·g(ptx) (4.71)

where g(ptx) = pT /ptx is a non linear function of ptx which will be different for each type
of hardware, as it depends on the drain efficiency.
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As in the ideal case, we can minimize this energy consumption with respect to the snr:

∂Ereal

∂snr
= g(ptx) ·

∂Eideal

∂snr
+Eideal ·

∂g(ptx)
∂snr

(4.72)

The value of the first partial derivative was obtained in (4.24):

∂Ereal

∂snr
=

n Tp vb dη nrx

2 Wa
· e 1

2( σ·ln10
10 )2

·

 2x

(1−Q(x))8l −
8lx2 · 1√

2π
· e− x2

2

(1−Q(x))8l · (1−Q(x))

 · W
vb · x

(4.73)

and can be simplified as:

∂Ereal

∂snr
=

n Tp dη nrx

2 a
· e 1

2( σ·ln10
10 )2

· 1

(1−Q(x))8l ·
(

2− 8lx · e− x2
2

(1−Q(x)) ·
√

2π

)
(4.74)

where x was given by (4.15):

x =
√

2 · snr ·W
vb

(4.75)

On the other hand, as proved in section 4.3.1, Eideal was as random variable whose aver-
age value was given by (4.18):

E ideal =
n Tp vb dη nrx

2 Wa
· x2

(1−Q(x))8l · e
1
2( σ·ln10

10 )2

(4.76)

Finally, the partial derivative of g with respect to the snr can be calculated as:

∂g(ptx)
∂snr

=
∂g(ptx)

∂ptx
· ∂ptx

∂snr
(4.77)

As seen in section 4.3.1, the snr was a log-normal random variable which depended on
the transmission power ptx, as given by (4.9), that we repeat here for convenience:

snr =
ptx ·a

dη ·nrx
·X (4.78)

where nrx was the noise level at the receiver in milliwatts (i.e., NRX expressed in natural
units) a was the value of A′ for d0 = 1 m expressed in natural units and X was a log-
normal random variable with parameters µX = 0 and σX = σ · ln10/10. Therefore, the
transmission power can be expressed as:

ptx =
dη ·nrx · snr

a
·X (4.79)

Since ptx is a random variable composed of a constant multiplied by a log-normal random
variable, it is itself another log-normal random variable, with parameters µp and σp given
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by:

µp = ln
dη ·nrx · snr

a
(4.80)

σp = σX (4.81)

The expected value of a log-normal random variable with parameters µ and σ is given by
eµ+σ2/2, thus, the mean value of the transmission power will be:

ptx =
dη ·nrx · snr

a
· e 1

2( σ·ln10
10 )2

(4.82)

As a result, the partial derivative of g with respect to the snr can be calculated as:

∂g(ptx)
∂snr

=
∂g(ptx)

∂ptx
· d

η ·nrx

a
· e 1

2( σ·ln10
10 )2

(4.83)

where we have used the mean value of ptx (4.82).

As explained above, the relation between g(ptx) and ptx depends on the hardware char-
acteristics. As an illustration, we obtained this relation for two common radio chips used
in wireless sensor networks devices: the ChipCon chips CC1000 and CC2420. Figure 4.15
shows the values of g(ptx) = pT /ptx as a function of ptx. These values were obtained from
the datasheets of the two chips (CC1000 Datasheet, 2010; CC2420 Datasheet, 2010). In or-
der to have an approximate value of the derivative ∂g(ptx)/∂ptx, we approximated these
sets of points by an analytical expression of the form U · pV

tx, which was seen to fit quite
well to the datasheet values.
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Figure 4.15: Relation between the real consumption at transmission and the transmission power.

Table 4.1 shows the values of U and V for the two chips and the correlation coefficient of
the fitting. As it can be seen, there is a high correlation in both cases, which means that
the considered expression fits well to the data.
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Table 4.1: Fitting of U · pV
tx to the real values of g(ptx) = pT /ptx for the CC1000 and CC2420 radio chips.

CC1000 CC2420

U 36.8596 48.8470

V -0.8256 -0.8728

R2 0.9945 0.9986

Therefore, for these particular radio chips, the function g(ptx) and its derivative ∂g(ptx)/∂ptx

can be approximated by the following expressions:

g(ptx) = U · pV
tx (4.84)

∂g(ptx)/∂ptx = V ·U · pV−1
tx (4.85)

Substituting (4.74), (4.76) and (4.83) into (4.72), the following expression for ∂Ereal/∂snr is
obtained:

∂Ereal

∂snr
= g(ptx) ·

n Tp dη nrx

2 a
· e 1

2( σ·ln10
10 )2

· 1

(1−Q(x))8l ·
(

2− 8lx · e− x2
2

(1−Q(x)) ·
√

2π

)
+

n Tp vb dη nrx

2 Wa
· x2

(1−Q(x))8l · e
1
2( σ·ln10

10 )2

· ∂g(ptx)
∂ptx

· d
η ·nrx

a
· e 1

2( σ·ln10
10 )2

(4.86)

The value of x for which this expression is equal to 0 gives the minimum average energy
consumption:

∂Ereal

∂snr

∣∣∣∣
x=x∗

= 0 ⇒ g(ptx) ·
(

2− 8lx · e− x2
2

(1−Q(x)) ·
√

2π

)
+

vb

W
·x2 · ∂g(ptx)

∂ptx
· d

η nrx

a
·e 1

2( σ·ln10
10 )2

= 0

(4.87)
And for the case of the ChipCon chips:

U · pV
tx ·
(

2− 8lx · e− x2
2

(1−Q(x)) ·
√

2π

)
+

vb

W
· x2 ·V ·U · pV−1

tx · d
η nrx

a
· e 1

2( σ·ln10
10 )2

= 0 (4.88)

or:

ptx ·
(

2− 8lx · e− x2
2

(1−Q(x)) ·
√

2π

)
+

vb

W
· x2 ·V · d

η nrx

a
· e 1

2( σ·ln10
10 )2

= 0 (4.89)

According to (4.82) and (4.75), the average value of the transmission power can be ex-
pressed as a function of x in the following way:

ptx =
dη ·nrx · snr

a
· e 1

2( σ·ln10
10 )2

=
dη ·nrx

a
· x

2

2
vb

W
· e 1

2( σ·ln10
10 )2

(4.90)
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Using (4.89) and (4.90) the condition to obtain the minimum energy consumption can be
written as:

dη ·nrx

a
· x

2

2
vb

W
· e 1

2( σ·ln10
10 )2

·
(

2− 8lx · e− x2
2

(1−Q(x)) ·
√

2π

)
+

vb

W
· x2 ·V · d

η nrx

a
· e 1

2( σ·ln10
10 )2

= 0 (4.91)

or more compactly:

2− 8lx · e− x2
2

(1−Q(x)) ·
√

2π
+2V = 0 (4.92)

From which we finally obtain that the value of x for which the average energy consump-
tion reaches a minimum (x∗) satisfies the following expression:

x∗e−x∗2/2

(1−Q(x∗))
=
√

2π

4l
· (1+V ) (4.93)

Notice that this optimum value differs from that of the ideal case (4.26), but again, only
depends on the packet length. The corresponding value of signal to noise ratio snr∗ in
this case is given by (4.27), which we repeat here for convenience:

snr∗ =
x∗2

2 · W
vb

(4.94)

or, in decibels:

SNR∗ = 10log
x∗2

2 · W
vb

(4.95)

Thus, if we manage to achieve this SNR∗ at the receiver, the real energy consumption will
be minimized. Similarly to the ideal case, the optimum value of the snr at the receiver
to achieve the lowest energy consumption does not depend on the accuracy we want to
obtain or on the propagation characteristics, it only depends on the packet length l and
on the W/vb ratio (see (4.93) and (4.94)), i.e. its value is constant for a given network
and does not need to be calculated in real time. As an illustration figure 4.16 compares
the optimum values of SNR of the ideal case and the corresponding values for the real
radio chips CC1000 and CC2420, for different packet lengths and W/vb ratios. As it can
be noticed, the optimum values for these real devices is higher than the value for an ideal
device (a device whose power consumption is equal to the transmission power).

Again, as in the ideal case, the desired accuracy imposes a relationship between snr and
T , thus, there is an optimum value of T corresponding to snr∗, which can be calculated
from (4.29):

T ∗ =
T0

n
·
(

1−Q
(√

2snr∗ ·W
vb

))8l

(4.96)

Therefore, as in the ideal case, in order to measure the RSS or the TOA with certain
accuracy, the optimum strategy consists in transmitting packets with a packet rate of
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Figure 4.16: Comparison of the optimum value of the SNR for the ideal case and two real radio chips: the
CC1000 and the CC2420.

1/T ∗ (4.96) and such a transmission power P∗T X that the snr at the receiver is equal to snr∗

(4.30):

P∗T X = SNR∗−A′+10η log
d
d0

+NRX (4.97)

As explained in section 4.3.2, when real propagation conditions are considered, both the
transmission power and the packet transmission rate need to be modified in order to
maintain the desired accuracy.

On the one hand, the calculation of the transmission power that is necessary to reach
the receiver with the optimum snr (4.97) relies on an estimation of the distance between
the nodes, which is usually affected by errors. Therefore, if these estimations are directly
used into (4.97), the transmission power that is used to reach the receiver with the desired
snr may be different from the optimum. In order to avoid this effect, the transmission
power has to be corrected. For the case of RSS-based localization, we found in section
4.3.2 that the estimated transmission power has to be corrected by adding a margin M
equal to the difference between the mean value of the SNR of the successfully received
packets and the optimum value of the SNR (4.44):

M = SNRrx−SNR∗ (4.98)

where SNRrx can be calculated numerically using (4.36) and (4.46), where the parame-
ter µsnr of the distribution is the one corresponding to the optimum SNR: µsnr = SNR ·
ln10/10 = SNR∗ · ln10/10. Figure 4.17 shows the value of this margin as a function of the
standard deviation of the SNR for the real radio chips CC1000 and CC2420. This mar-
gin was seen to be independent of the value of W/vb, but more dependent on the packet
length that in the ideal case (compare figure 4.17 with figure 4.8). Notice that the standard
deviation corresponds to the effective standard deviation, that is, the standard deviation
of the shadowing σ divided by the square root of the number of packets that are used to
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average the RSS and estimate the distance.
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Figure 4.17: Correction margin for the transmission power calculated from estimated distances in RSS-
based localization.

On the other hand, even when the optimum transmission power is used, the final snr at
the receiver may not be the desired one, as the propagation is again affected by random
shadowing. In fact, as shown in section 4.3.2, the snr at the receiver is a log-normal ran-
dom variable and, therefore, the PRP and n are also random variables, whose probability
density functions are given by (4.49) and (4.50) respectively. The mean value of n (n) was
seen to be lower than the desired one nob j. As a consequence, in order to get the desired
number of received packets at the receiver it is not enough to send the corresponding
number of transmitted packets (k = nob j/PRP∗): this value must be corrected using the
factor f = nob j/n, in order to counteract the effects of the propagation in real deploy-
ments. Therefore, the estimated value of T ∗ calculated from (4.29) must be in practice
divided by f = nob j/n in order to guarantee that the expected number of received pack-
ets is in fact nob j. The value of this factor can be calculated numerically, as in section
4.3.2. Figure 4.18 shows the relation between nob j and n for the CC1000 and the CC2420
radio chips, for different values of l and W/vb for the case of RSS-based localization as a
function of the standard deviation of the SNR distribution. Again, the standard deviation
here corresponds to the effective standard deviation, that is, the standard deviation of the
shadowing σ divided by the square root of the number of packets that are used to aver-
age the RSS and estimate the distance. It can be seen that the mean value of n is lower
when the packet is longer and when the ratio W/vb is lower.

In conclusion, taking into account these practical considerations, the optimal strategy
should be modified by increasing the transmission power and the packet transmission
rate. The resulting optimal strategy consists in transmitting packets with a packet rate of
1/T ∗ and a transmission power P∗T X given by the following expressions:

T ∗ =
T0

nob j
·
(

1−Q
(√

2snr∗ ·W
vb

))8l

· 1
f

(4.99)
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Figure 4.18: Ratio between the desired number of received packets (nob j) and the mean value of n (n).

P∗T X = P̃T X +M = SNR∗−A′+10η log
d̃
d0

+NRX +M (4.100)

where the factor f = nob j/n depends on the packet length l, on the ratio W/vb and on the
standard deviation of the SNR distribution, and can be obtained numerically from (4.50)
or from figure 4.18; and the margin M = SNRrx−SNR∗ depends on the packet length l and
on the standard deviation of the SNR distribution, and can be obtained numerically using
(4.36) and (4.46) or from figure 4.17.

4.5 Performance evaluation

In this section we first describe a set of experiments that were carried out to character-
ize a real propagation environment in order to obtain realistic models to simulate the
performance of the proposed strategy. Next, we include a numerical evaluation of the
proposed transmission strategy that compares its performance with the performance of
other transmission strategies in several scenarios.

4.5.1 Experimental characterization of the environment

In order to simulate a realistic situation, we carried out some experiments to characterize
the propagation environment of our laboratory using Crossbow’s MICAz motes (MicaZ
Datasheet, 2010), a 2.4 GHz mote with direct sequence spread spectrum radio which uses
an O-QPSK modulation scheme. The objective was to check that the models proposed in
section 4.2 approximately reflect the behavior of our wireless network and at the same
time to extract the values of some of the model parameters that we need for the simula-
tions.

The first set of experiments were carried out to determine the PRP as a function of the
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snr. Eight MICAz motes were used for the experiments, seven acting as transmitters and
one as a receiver. Each transmitter was programmed to broadcast a packet of length l
= 8 bytes every 0.5 s. The message included two data fields: the node identifier and
a sequence number that was increased at every transmission. The receiver node was
connected to a computer and programmed to send over the serial port all the received
messages, together with their received signal strength. The experiments were carried out
in a laboratory environment in which there were obstacles and people sitting or walking
and interfering signals from other motes and other wireless systems working at the same
frequency (WiFi). Six of the seven transmitter nodes were placed at different distances
from the receiver, while the seventh node was placed very close to the receiver in order to
guarantee a PRP close to one and serve as reference for the calculation of the PRP of the
rest of the nodes (together with the sequence number). The receiver was turned on for ten
minutes and all the received messages (with their RSS) were saved. Then, the experiment
was repeated for different node placements and different transmission powers in order
to have a wide variety of snr values at the receiver. The experimental results are shown
in figure 4.19, together with the theoretical model given by (4.1). As it can be noticed in
figure 4.19, the experimental data adjust quite well to the model, with the exception of
some outliers. From this experiment we obtained a value of NRX = -87 dBm for the noise
level at the receiver.
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Figure 4.19: Relation between PRP and SNR.

On the other hand, we also made other set of experiments to characterize our radio chan-
nel, that is, to establish a relation between transmitted and received power in terms of the
distance. Section 3.1 included some experiments aimed at studying the characteristics of
the RSS in different environments. In particular, the dependence between the RSS and
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the distance in indoor environments was analyzed in section 3.1.2. From the experiments
described in that section, we obtained the values of the parameters A′ and η of the log-
normal channel model for the different environments by fitting the mean of (4.3) to the
experimental data (for each experiment, the value of PT X was known). For the experi-
ments with MicaZ motes in rooms A, B and C, in which there was line of sight between
the nodes (see section 3.1.2), the estimated values of A′ were between -60 dB and -70 dB
and the estimated values of η were between 2 and 3. For the fingerprinting calibration
experiment, in which there were NLoS paths (see section 3.1.2), the values of A′ and η

were -59.5 dB and 2.3 respectively. As an example, figure 4.20 shows the experimental
results obtained in room B with MicaZ motes working in channel 11 with a transmission
power of PT X = 0 dBm. The red curve in this figure represents the fitting of the mean
of (3.3) to these experimental data and was calculated using the Levenberg-Marquardt
algorithm, taking d0 = 1 m, PT X = 0 dBm and η and A′ as free parameters (their estimated
values were η=2 and A′=-64 dB). For the simulations we decided to take η=2.5 and A′=-65
dB.
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Figure 4.20: Experimental RSS measurements for different distances between two MicaZ nodes. The
lognormal channel model curve fitting is also represented.

4.5.2 Simulation results

We have run a set of simulations to evaluate the energy consumption of the proposed
strategy in several scenarios. In these simulations, the performance of the proposed
strategy is also compared to other two strategies: 1) sending n packets with the highest
transmission power available by hardware and 2) sending n packets with a transmission
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power that depends on the estimated inter-node distance: PT X(dBm) =−A+10η log d̃/d0 +
NRX(dBm), i.e. a transmission power such that the SNR at the receiver is 0 dB.

In these simulations we considered networks composed of reference nodes and mobile
nodes. In order to estimate the position of the mobile nodes, each reference node trans-
mits packets to them (in broadcast). These nodes measure the RSS of the received packets
and calculate their distance to each of the reference nodes. With these range estimations
and the known positions of the reference nodes, the mobile nodes are able to calculate
their own position using any triangulation algorithm. As soon as they have an estimated
value of their physical position, they can send packets to other nodes (also in broad-
cast) with the information about their estimated position and act themselves as reference
nodes. Consequently, every node of the network will transmit packets to and receive
packets from every other node within its communications range. Considering the trans-
mission strategy proposed in the previous section for a single link, we applied it to the
whole network by finding at each node the optimum transmission strategy (P∗T X and T ∗)
for its furthest neighbor (closer neighbors will be guaranteed to receive at least the same
average number of packets). The transmission power PT X is adaptively modified, by esti-
mating from (4.53) the value necessary to achieve the desired SNR∗ at the furthest neigh-
bor. As an estimate of the distance between the transmitter and its furthest neighbor is
needed the method is refined iteratively: first, the transmission power is set to an initial
(high) value and a preliminary distance estimation is obtained; then, the transmission
power is modified according to the distance estimation.

First, we simulated a small network composed of four reference nodes deployed ran-
domly in a 15 x 15 m2 room and one mobile node that stays in the center of the room
during 20 seconds. The localization is done every second (T0 = 1 s) and the desired accu-
racy is such that n = 5. The communication channel was simulated using the log-normal
model (3.3) with A′ = −65 dB, η = 2.5, d0 = 1 m and σ = 0 dB (ideal channel without
shadowing). Packet reception was modeled with (4.1), using W = 2 Mhz and vb = 250
kbps. The energy consumption of the three strategies is the same at the first localization
period, as the transmission power is initially set to its maximum value and the number of
transmitted packets is initially set to n. After this first interval, the number of transmitted
packets for the proposed strategy will be set to k = T0/T ∗, where T ∗ is calculated from
(4.52), and the transmission power will be calculated from the estimated distance using
(4.53). The transmission power for strategy 2) will also change after the first localization
interval according to the estimated distance. As neither the relative distance between the
nodes changes, nor does the estimated distance (due to the ideal propagation channel),
the energy consumption after the first localization interval remains constant with time
for the three strategies. This scenario was simulated 5000 times, with 50 different node
placements and 100 simulations for each placement. Table 4.2 shows the average energy
consumption of the 5000 simulations for different values of the packet length. With re-
spect to the number of received packets, in this ideal simulation environment, the three
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strategies guarantee that the average number of received packets is n = 5 at the furthest
node during the whole simulation. It can be seen in table 4.2 that after the first local-
ization interval, the proposed strategy gives the lowest energy consumption (about 47%
the energy consumption of strategy 2) for l = 4) and, at the same time, guarantees that
the average number of received packets is n = 5 at the furthest node. The length of the
localization packets also have an influence in the energy consumption, and the gain of
the proposed method with respect to the other two is higher for lower values of l.

Table 4.2: Average energy consumption (in µJ) of the three strategies for different packet lengths.

l = 4 l = 10 l = 20 l = 40

Highest PT X 3.20 8.00 16.00 32.00

PT X calculated from d 1.26 2.98 5.87 11.58

Proposed strategy 0.60 1.79 4.24 9.19

Then, in order to evaluate the capability of the proposed strategy to adapt to changes in
the internode distances, we added node movement to the previous simulation. In par-
ticular, the mobile node is simulated to move slowly at constant speed from one corner
of the room to the opposite: the trajectory takes 150 seconds to be completed. The rest
of the parameters of the simulation are not changed and the packet length was set to 4
bytes. The average results of 5000 simulations are shown in figures 4.21(a) and 4.21(b). It
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Figure 4.21: Average energy consumption and average number of received packets at the furthest node of
the three strategies for each localization interval for an environment without shadowing.

can be seen that after the first localization interval, the proposed strategy gives the lowest
energy consumption (about 47% the energy consumption of strategy 2)). The number or
received packets for the proposed strategy is higher than 5 at the beginning, while at the
end is lower than 5. This behavior is caused by the movement of the node, which at the
beginning is moving towards the reference nodes (they can be thought to be in the mid-
dle of the area, as they are deployed randomly and all the simulations were averaged),
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so the distances used to calculate the transmission power are overestimated, and then
moves away from them and therefore uses underestimated distances.

Next, to simulate a more realistic scenario, we added shadowing with σ = 2 dB to the
previous simulation. We simulated a 7.5m-radius circular trajectory centered in the sim-
ulated area in order to eliminate the previous effect and focus on the effects of the propa-
gation channel. The influence of the shadowing is twofold, as explained in section 4.3.2.
On one hand, the distances are usually underestimated, so the transmission power cal-
culated from them to reach the receiver with the desired snr has to be corrected with the
correction margin given at figure 4.8. On the other hand, even when the optimum trans-
mission power is used, the final snr at the receiver may not be the desired one due to the
effects of shadowing. To counteract this effect, we have corrected the number of trans-
mitted packets with the factor given at figure 4.9. The average results of 5000 simulations
are shown in figures 4.22(a) and 4.22(b). Figure 4.22(a) shows the average energy con-
sumption of the three strategies for each localization interval and figure 4.22(b) shows
the average number of received packets at the furthest node. It can be seen that after
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Figure 4.22: Average energy consumption and average number of received packets at the furthest node of
the three strategies for each localization interval for an environment with shadowing.

the first localization interval, the proposed strategy gives the lowest energy consumption
(about 54% the energy consumption of strategy 2)) and, at the same time, guarantees that,
at least, the average number of received packets at the furthest node is n = 5. These results
were obtained for localization packets of length l = 4 bytes. Table 4.3 shows the energy
consumption of the proposed strategy for other values of l and Table 4.4 shows the av-
erage number of received packets at the furthest neighbor. It can be seen that the length
of the localization packets has an effect on the performance of the proposed strategy: the
longer the packet is, the lower is the gain in energy consumption with respect to other
strategies. This is due to the fact that when l increases, the optimum snr increases as well
and gets closer to 1 (SNR = 0 dB), so the difference in energy consumption with respect
to strategy 2) decreases. In any case, the proposed strategy always assures a given num-
ber of received packets, in contrast to strategy 2) and, moreover, entails energy savings
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with respect to other strategies when the length of the packets is not very large (which is
usually the case for localization packets).

Table 4.3: Energy consumption of the proposed strategy expressed in % with respect to strategy 2).

l = 4 l = 10 l = 20 l = 40

54% 73% 92% 110%

Table 4.4: Average number of received packets at the furthest neighbor.

l = 4 l = 10 l = 20 l = 40

Highest PT X 4.98 4.96 4.93 4.90

PT X calculated from d 4.89 4.76 4.58 4.32

Proposed strategy 5.28 5.31 5.33 5.37

As explained before, the number of received packets at the furthest neighbor determines
the accuracy of the distance estimation at these nodes. The accuracy of the distance es-
timations in closer neighbors will be at least as good as the one at the furthest neighbor.
In order to better understand the behavior of the proposed transmission strategy, we
have represented in figures 4.23 and 4.24 the relation between the average energy con-
sumption and the accuracy of the distance estimations for TOA and RSS measurements
respectively, obtained from the previous realistic simulations for different values of n.
The x-axis represents the average energy consumption of the whole network at each lo-
calization interval, and was calculated by summing up the energy consumption of all
the nodes at each localization interval, and averaging the result over time (excluding
the firsts localization intervals, in order to eliminate the initialization effects) and over
the 5000 simulations. The y-axis represents the distance estimation accuracy at the fur-
thest neighbor, and was calculated from the average number of received packets at the
furthest neighbors. This value was obtain by taking, at each localization interval, the
furthest neighbor for each node of the network, and averaging the number of packets
received by this nodes. Then the results were averaged over time (excluding the firsts
localization intervals) and over the 5000 simulations. From the number of received pack-
ets, the accuracy of the distance estimation was calculated according to the expressions
of the TOA-based and RSS-based distance estimations derived in chapter 3. In the TOA
case, we had seen that the estimated distance was a gaussian random variable (3.14) with
mean equal to the real distance and standard deviation given by (3.15) one-way TOA
measurements or (3.15) two-way TOA measurements. Figure 4.23 represents the accu-
racy as the ratio between the standard deviation of the distance estimation and the factor
c ·σT , which is the standard deviation corresponding to one one-way TOA measurement.
Therefore, the accuracy in this figure should be read as relative to the accuracy of one
TOA measurement. In the RSS case, the estimated distance was a log-normal random
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Figure 4.23: Relation between the average energy consumption per localization and the TOA-based dis-
tance estimation accuracy for the three strategies.
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Figure 4.24: Relation between the average energy consumption per localization and the RSS-based distance
estimation accuracy for the three strategies.

variable with variance given by (3.11). Figure 4.24 represents the accuracy as the ratio
between the standard deviation of the distance estimation (∆d) and the real distance d,
where the distance estimation variance was calculated for a channel with σRSS = 2 dB (for
other values of σRSS the particular values of the relative accuracy change: they get bigger
for bigger values of σRSS, but the relation between the three strategies remains the same).
Therefore, the accuracy in this figure should be read as a relative error in the distance
(a percentage of the real distance). From these figures, it can be clearly noticed that the
proposed method has a better performance regarding both the energy consumption and
the accuracy of the distance estimations. The gain with respect to the other strategies is
especially noticeable for short localization packets, which is the usual situation, as these
packets do not carry any data information.

Finally, we have evaluated the performance of the proposed strategy for the energy con-
sumption characteristics of the MicaZ motes. As explained in section 4.4, the power con-
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sumption of real devices is not equal to the transmitted power due to the inefficiencies
of the hardware. As a consequence, the proposed theoretical strategy derived in section
4.3 needs to be slightly modified, in order to take this into account. As shown in section
4.4, considering real hardware consumption characteristics has an effect on the value of
x∗ (and thus, on the value of the snr∗) that achieves the minimum energy consumption.
Whereas for the ideal case this value can be obtained by solving (4.26), in the case of real
devices it will depend on the hardware characteristics. For example, for the radio chips
CC1000 and CC2420, commonly used in wireless sensor networks, this value can be ob-
tained by solving (4.93). In order to evaluate the proposed strategy in a more realistic
situation, we repeated the previous simulation considering that the wireless devices are
MicaZ motes, which have a CC2420 radio chip. Therefore, the transmission power and
packet transmission rate are calculated according to (4.100) and (4.99), where the values
of the power margin M and the factor f are those corresponding to the CC2420 radio
chip.
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Figure 4.25: Relation between the average energy consumption per localization and the distance estimation
accuracy for the three strategies for L = 4 bytes.

It can be seen that although there is still some gain with respect to strategy 2), it is not
so high as in the ideal case. The reason is that for this particular hardware, the optimum
value of the SNR is closer to 0 dBm (see figure 4.16), thus, there is not a big margin for
improvements, as strategy 2) is practically a strategy that tries to achieve a SNR = 0 dBm
at the receiver. It is true that the number of transmitted packets with strategy 2) does not
guarantee the desired accuracy, as k = nob j and some packets may be lost, but the packet
reception probability in this case (SNR = 0 dBm, l = 4 bytes, W/vb = 8) is quite high 99.9%,
so the desired accuracy is almost achieved with this strategy.

To sum up, the proposed strategy is able to guarantee a desired accuracy in the distance
estimation and at the same time, can yield big energy savings, especially when the opti-
mum value of the SNR is low. As this optimum value depends on the particular energy
consumption characteristics of the wireless device, bigger savings are expected for de-
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vices with more similar characteristics to that of the ideal case.

4.6 Conclusions

In this chapter we have presented an analysis of the consumed energy during the localiza-
tion process of a wireless sensor network. We have optimized the transmission strategy
(in terms of transmission power and packet transmission rate) at each node with the aim
of obtaining certain accuracy in the RSS or TOA measurements (expressed by the number
of packets that the receiver node should average) while minimizing the energy consump-
tion in the network. We have shown that the optimum transmission strategy consists in
sending packets with such a transmission power P∗T X that the snr at the receiver is the
optimum and a packet rate of 1/T ∗, where T ∗ depends on the desired accuracy and the
optimum value of the snr. However, we have also seen that the value of P∗T X depends on
the distance between nodes, which is not known in advance, as it is the parameter that
is estimated during localization. In order to apply the results above, the transmission
power would have to be estimated iteratively.

We have also proposed some modifications to the theoretical optimal strategy in order
to correct the effects of the propagation channel when applying this strategy in a real
scenario. In particular, we have proposed how to correct theses effects in the case of RSS-
based localization, by adding a correction margin to the estimated transmission power
and correcting the number of transmitted packets by a factor that depends on the packet
length and the value of W/vb. The proposed strategy with its corrections was proved
to guarantee a desired number of received packets at the receiver (necessary to obtain a
given accuracy in the distance estimations) while having at the same time lower energy
consumption than other strategies.

In further work we are planning to evaluate the performance of the proposed strategy
using real-field deployments. In particular, we are implementing embedded versions of
the strategy in MicaZ motes (under TinyOS 2.1) to measure and evaluate experimentally
the energy consumption during the localization when the proposed strategy is executed
in these resource-constrained devices.

Future work on studying the effects that the accuracy of the radio measurement has on
the distance estimation for TOA-based and RSS-based localization techniques will allow
to extract some guidelines for the calculation of the required average number of received
packets, depending on the localization accuracy requirements and on the geometric con-
figuration of the network. Furthermore, the value of the localization period T0, that we
have considered as constant, may change in order to adapt to the mobility characteristics
of the mobile node. The combination of the proposed optimization with the optimization
of the localization period may lead to further energy savings and could be another line
of future work.
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CHAPTER5

POSITIONING TECHNIQUES FOR

ENERGY-EFFICIENT, ACCURATE AND

ROBUST LOCALIZATION

As already mentioned in this thesis, the process of determining the position of the nodes
in a wireless network comprises two different operations. The first is a packet exchange
between the network nodes that aims at obtaining the radio measurements which are
needed to perform the localization. The second step consists in processing these radio
measurements in order to calculate the position of the nodes. Both phases contribute to
the energy that is consumed during the localization and, at the same time, both have an
effect on the accuracy of the localization result. Whereas the previous chapter was fo-
cused on reducing the energy consumption of the communication phase, while ensuring
a certain desired accuracy in distance estimations, this chapter is devoted to the process-
ing phase.

In the channel modeling localization approach, the processing phase relies on the knowl-
edge of the characteristics of the propagation channel. As explained in chapter 3, once
the radio measurements are obtained, they are used to estimate the distance between
the nodes using a model of the propagation channel. Then, to complete the localiza-
tion, a positioning algorithm is used to estimate the position of the unknown node using
the set of estimated distances. The channel model is a theoretical, simplified and non-
perfect approach to describe the behavior of a complex propagation environment, and
can be established at the network deployment phase (with an initial calibration phase or
theoretically, without the need of a previous measurement phase) or even calculated on-
line in order to adapt to possible environmental changes occurring during the operation.
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Clearly, the inaccuracies of these imperfect channel models affect the localization results.

In general, the more effort is put into the calibration, the better accuracy is obtained in
the localization results, as the channel model will be better adapted to the particularities
of the real propagation environment. But ideally, the calibration processes should be
minimized in order to make the system deployment easier and less time consuming.
Therefore, a solution to these inconvenient calibration needs is the design of positioning
algorithms that are robust to the inaccuracies in the channel estimation; otherwise said,
strategies capable of obtaining accurate location estimates in spite of working on non-
accurately calibrated channel models.

In this chapter, we propose the use of several techniques to gain robustness with respect
to these inaccuracies, reducing the dependency of having an optimal channel model. In
particular, we propose two weighted least squares techniques based on the standard hy-
perbolic and circular positioning algorithms that specifically consider the accuracies of
the different measurements to obtain a better estimation of the position. Then, we pro-
pose a complementary algorithm that uses a parametric channel model to reduce the
localization error with respect to other methods based on fixed channel models. The
proposed algorithms aim at enhancing the accuracy of position estimates while reducing
their sensitivity to an imperfectly modeled channel. Their overhead in terms of com-
putational cost (or, equivalently, in terms of energy consumption) is also studied, since
besides localization accuracy, also energy efficiency has to be accounted when designing
localization systems, as already pointed out in the previous chapters.

The structure of this chapter is as follows. Section 5.1 reviews the related state of the
art regarding positioning algorithms for channel modeling localization that consider the
trade-off between accuracy, robustness and energy efficiency. Sections 5.2 and 5.3 de-
scribe the proposed positioning algorithms. Section 5.4 includes a performance analysis
of the proposed methods with numerical simulations and section 5.5 analyzes the perfor-
mance of these methods through real experiments with different wireless networks. With
this experimental validation we show that the proposed techniques reduce the localiza-
tion error with respect to the standard hyperbolic and circular positioning algorithms
and that they have a bigger robustness to inaccuracies in the channel estimation. We also
analyze the computational load of the algorithms, an issue which may be critical when
considering embedded implementations.

5.1 Related work

Most of the existing work in RSS-based channel modeling localization consider that the
radio propagation model is known a priori, either because a certain model is assumed (for
example, perfect free-space propagation) or because the parameters of the channel model
are supposed to be estimated in the deployment environment prior to the real operation
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of the system. The first assumption is not realistic, as the propagation conditions in the
real scenario may differ from those predicted by the theoretical model. On the other
hand, taking measurements in the deployment area to estimate the channel model is not
always possible (for example, in hostile environments) and, if possible, the number of
measurements that can be taken is limited, thus the estimated model is usually a poor
representation of the real channel. Consequently, to be applied in a real deployment a
localization technique should take into consideration these concerns, either by trying to
model the environment in a more realistic way or by using a positioning technique that
is more robust to the model inaccuracies.

A few studies have been carried out to develop techniques in which the channel model is
calculated during localization in order to reduce the localization errors that are produced
by the inaccuracies of the propagation model.

A common approach aims at reducing channel estimation errors produced by the spatio-
temporal varying propagation characteristics. This kind of approach leverages RSS mea-
surements between reference nodes with known positions to periodically estimate up-
dated channel models and avoid using old models that no longer represent the channel
behavior. These updated channels may also be different depending on the position of the
nodes. In this way, these techniques use channel models that try to be consistent with the
actual propagation characteristics. Some examples of localization algorithms using this
approach can be found in (Lim et al., 2006), (Barsocchi et al., 2009) and (Redondi et al.,
2010). Although these varying models typically characterize the real propagation behav-
ior with greater accuracy than fixed models, they are usually updated from a limited set
of noisy measurements, therefore, the estimation of the channel parameters is still not
perfect.

Another approach consists in assuming that the radio propagation is characterized by a
given model (typically, the log-normal model) and estimate the value of the channel pa-
rameters together with the position of the mobile nodes. For example, Li (2006) supposes
that the propagation channel follows the log-normal model, where the value of the path
loss exponent is unknown. This parameter is estimated together with the position of the
node using a non linear least squares estimator. Zemek et al. (2007) propose a localiza-
tion method with no prior knowledge of the model parameter values. This method also
assumes that the channel follows the log-normal model, and estimates the values of the
two parameters of the model together with the target position by means of an iterative
maximum likelihood estimator.

The previous approaches focus on estimating the channel model as accurately as possible,
however, a perfect estimation of the channel behavior is not achievable in practice and
positioning techniques that accept/consider this fact and aim at gaining robustness with
respect to channel model inaccuracies have also been proposed.
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Tarrío, Bernardos and Casar (2007c) propose a localization method based on parametric
channel models that reduces the localization error with respect to other methods based on
fixed channel models when the channel is not perfectly known. Tarrío et al. (2008, 2010b)
propose another technique, based on the use of a weighted least squares estimator, that is
more robust to inaccuracies in the channel model than traditional positioning techniques.

The use of robust techniques is very useful for real applications where the channel may
be roughly estimated, or even established a priori without any calibration. Clearly, the
use of these techniques will only have a practical interest if their energy consumption is
not excessive. Intuitively, we can expect that this kind of techniques that aim at reduc-
ing localization errors produced by channel inaccuracies will be more energy consuming
than simpler localization techniques, as their computational cost will be higher. Although
some work has been done on studying the complexity of different positioning techniques
(see section 2.4.2 for a more detailed review), to the author’s knowledge the trade-off be-
tween the localization accuracy and the cost of the localization under imperfect channel
models has not been studied before.

In this chapter, we specifically consider and describe the problem of using inaccurate
channel models for localization and propose two weighted least squares techniques and
a complementary parametric method that achieve a greater robustness to channel model
inaccuracies than standard RSS-based positioning techniques. Moreover, we analyze the
computational cost of the proposed algorithms and study the trade-off between the final
localization accuracy and the cost of the different positioning techniques for practical
situations in which the propagation channel is not perfectly modeled.

5.2 Weighted least squares positioning algorithms

In this section we propose and evaluate the use of two weighted least squares techniques
to calculate the position of a mobile node from the estimated distances to some reference
nodes. The standard RSS-based localization techniques for wireless networks do not
consider the individual accuracies of the different measurements to construct a better
estimator. The proposed algorithms aim at enhancing the accuracy of position estimates
while reducing their sensitivity to an imperfectly modeled channel. Although weighted
least squares techniques are very well known, to our knowledge the application of these
techniques to the RSS-based localization problem and, in particular, to make localization
more robust to imperfect channel models, has not been presented in detail before. Our
work includes an exhaustive analysis based both on simulated and empirical tests which
shows that the location results are not only more accurate, as expected for a weighting
technique, but also more robust to channel estimation errors. As explained above, this
fact makes these techniques very attractive from a practical point of view.

As said before, in channel modeling localization, once the distances to different anchor
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nodes are estimated (through a channel model), a positioning algorithm must be ap-
plied in order to calculate the position of the mobile node. Two of the simplest and most
common positioning algorithms that have been used for RSS-based localization are the
circular positioning algorithm and the hyperbolic positioning algorithm, which were de-
scribed in chapter 3 (sections 3.3.2 and 3.3.3). The basic idea of the circular positioning
algorithm was to find the position of the mobile node that minimized the sum of the
squared errors in the set of estimated distances (3.21). The hyperbolic positioning al-
gorithm converted this problem into a linear problem that could be solved with a least
squares estimator (3.29).

These two typical positioning algorithms used for RSS-based localization give the same
weight to the different distance estimations. But, according to the log-normal channel
model (3.3), that we repeat here for convenience:

PRX(dBm) = A−10η log
d
d0

+V (5.1)

the RSS does not depend linearly on the distance between the nodes, thus, the same error
in the RSS measurement will produce larger errors in the distance estimation if the dis-
tance between the nodes is higher, as it can be seen in figure 5.1. That is, the accuracy of
the distance estimations depends on the distance itself. Therefore, by giving more weight
to those measurements which have a greater accuracy, that is, the measurements corre-
sponding to short distances, we obviously expect to obtain a greater accuracy in the local-
ization result. This observation led us to propose the use of two weighted techniques to
improve the accuracy of the hyperbolic and circular positioning algorithms respectively.
But what it is more interesting is that these weighted techniques are also more robust to
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Figure 5.1: Fitting of the log-normal channel model to some RSS measurements. The non linear relation
between RSS and distance is highlighted.

errors in the estimation of the channel parameters, as we will show in sections 5.4 and 5.5.
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This is an especially desirable characteristic when deploying an operative location sys-
tem, as it is never convenient to accomplish complicated and time consuming calibration
processes. In these situations, using a theoretical or roughly calibrated channel model
can provide sound estimates if the location algorithms are sufficiently robust to deal with
imperfect models, as it occurs with the proposed algorithms following described.

5.2.1 Weighted hyperbolic algorithm

As deduced in section 3.3.3, where the hyperbolic positioning algorithm is described, the
problem of finding the position (x, y) of a mobile node from a set of estimated distances
to N reference nodes (with positions (xi, yi), i = 1,2, . . . ,N) can be expressed in matrix form
as in (3.27), that we repeat here for convenience:

H · x̄ = b̃ (5.2)

where H =


2x2 2y2

...
...

2xN 2yN

, x̄ =

[
x
y

]
and b̃ is a random vector given by:

b̃ =


x2

2 + y2
2− d̃2

2 + d̃2
1

...
x2

N + y2
N− d̃2

N + d̃2
1

 (5.3)

where d̃i is the distance estimation from the mobile node to reference node i.

The traditional hyperbolic positioning algorithm calculates the position of the mobile
node using the least-squares solution of this equation, given by (3.29). However, this
linear problem can also be solved using a weighted least-squares estimator, as proposed
in Tarrío et al. (2008). In this case, the position of the mobile node is estimated as:

x̂ = (HT S−1H)−1HT S−1b̃ (5.4)

where S is the covariance matrix of vector b̃. Note that the noise affecting the measure-
ment vector b̃ does not have zero mean, so the estimator (5.4) is biased. Assuming that
the measurements of the distances d̃i to different reference nodes are independent and as
xi and yi are constants, the matrix S can be easily calculated. From (5.3):

S =


Var(d̃2

1)+Var(d̃2
2) Var(d̃2

1) . . . Var(d̃2
1)

Var(d̃2
1) Var(d̃2

1)+Var(d̃2
3) . . . Var(d̃2

1)
...

...
. . .

...
Var(d̃2

1) Var(d̃2
1) . . . Var(d̃2

1)+Var(d̃2
N)

 (5.5)
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where Var stands for variance.

By definition, the variance of a random variable X is equal to:

Var(X ) = E
[
X 2]− (E [X ])2 (5.6)

where E denotes the expected value. Applying this definition to the random variable d̃2
i ,

we have that:
Var

(
d̃2

i
)

= E
[
d̃4

i
]
−
(
E
[
d̃2

i
])2

(5.7)

In order to calculate these expected values, a statistical characterization of the estimated
distances is needed. Section 3.2.1 derived the expression of the estimated distances for
RSS-based localization. Assuming that the channel is log-normal, and that the distance
was estimated from n RSS measurements, d̃ was given by (3.7), that we repeat here for
convenience:

d̃ = d ·10
N (0,σRSSe f f )

10η (5.8)

where d is the true distance, η is the path loss exponent of the log-normal channel model
and σRSSe f f = σ/

√
n, where σ is the standard deviation of the shadowing in the log-normal

model. From this expression, we have that:

d̃i =di ·10
N (0,σRSSe f f )

10η = di ·10N
(

0,
σRSSe f f

10η

)
= 10log10 di ·10N

(
0,

σRSSe f f
10η

)
=

=10log10 di+N
(

0,
σRSSe f f

10η

)
= 10N

(
log10 di,

σRSSe f f
10η

)
= eln10·N

(
log10 di,

σRSSe f f
10η

)
=

=eN (ln10·log10 di,
ln10
10η
·σRSSe f f ) = eN (lndi,

ln10
10η
·σRSSe f f )

(5.9)

that is, d̃i is a log-normal random variable with parameters µd and σd , given by:

µd = lndi (5.10)

and
σd = σRSSe f f ·

ln10
10η

(5.11)

The k-th moment of a log-normal random variable of parameters (µd , σd) is given by:

µk = ek·µd+
k2σ2

d
2 (5.12)

Therefore,
E
[
d̃4

i
]
= e4µd+8σ2

d (5.13)

E
[
d̃2

i
]
= e2µd+2σ2

d (5.14)

Finally, substituting these values into (5.7), we obtain the following expression for the
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terms of the covariance matrix S:

Var
(
d̃2

i
)
= e4µd+8σ2

d−
(

e2µd+2σ2
d

)2
= e4µd ·

(
e8σ2

d − e4σ2
d

)
= e4·lndi ·

(
e8σ2

d − e4σ2
d

)
= d4

i ·
(

e8σ2
d − e4σ2

d

)
(5.15)

As the value of σd is constant, that is, it is the same for every distance estimation, the
factor e8σ2

d−e4σ2
d can be taken out from matrix S as a common factor, so the final expression

for the covariance matrix S is the following:

S = (e8σ2
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or

S = (e8σ2
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d ) ·d4
1 ·
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(5.17)

However, as the estimated position is calculated according to (5.4), a multiplying factor
in S will not affect the result. Consequently, the value of the parameter σ of the channel
model does not need to be estimated in order to apply this positioning technique, and
the following equivalent covariance matrix can be used in (5.4):

S =



1+
(

d2
d1

)4
1 . . . 1

1 1+
(

d3
d1

)4
. . . 1

...
...

. . .
...

1 1 . . . 1+
(

dN
d1

)4


(5.18)

It should be noted the elements of S depend on the real distances di between the mobile
and the anchor nodes. Therefore, in order to use the estimator in (5.4) in a real deploy-
ment, it is necessary to approximate the real distances di by the estimated distances d̃i.

This weighted technique involves the computation of the inverse of matrix S, therefore
its computational cost is O(m3), where m is the number of reference nodes inside the cov-
erage area of the mobile node (and not the total number of reference nodes). On the other
hand, the classical hyperbolic position algorithm has an asymptotic cost of O(m), since
it only involves matrix multiplications. Therefore, although the weighted algorithm is
expected to produce better localization results, it is also more expensive from a compu-
tational point of view, especially when m is high. However, in practical deployments the
value of m is usually small, so both hyperbolic methods can be executed in practice in
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resource-constrained devices.

5.2.2 Weighted circular algorithm

The second technique that we consider is the weighted circular algorithm, which is based
on the circular positioning technique (see section 3.3.2), but introduces a different weight
for each measurement. The basics of this algorithm are explained next.

The error in the distance estimation between the mobile node and the reference node i is
given by:

ei = di− d̃i =
√

(xi− x)2 +(yi− y)2− d̃i (5.19)

where di is the actual distance between the mobile node and the reference node i, d̃i is the
estimated distance between those nodes, (x, y) is the position of the mobile node and (xi,
yi) the position of reference node i. In order to estimate the position (x, y) of the mobile
node, we consider the minimization of the weighted least squares error criterion, which
is given by the following expression:

ε = eT S−1e (5.20)

where the e is the random vector:

e =


e1

e2
...

eN

 (5.21)

and S is the covariance matrix of e. Assuming that the errors ei in the measurements of
the distances to different reference nodes are independent, S is a diagonal matrix with
diagonal elements [S]ii = Var(ei). Thus, the error to be minimized is:

ε = eS−1eT =
N

∑
i=1

e2
i

Var(ei)
=

N

∑
i=1

1
Var(d̃i)

(√
(xi− x)2 +(yi− y)2− d̃i

)2

(5.22)

where the variance of d̃i can be calculated as:

Var
(
d̃i
)

= E
[
d̃2

i
]
−
(
E
[
d̃i
])2 (5.23)

These expected values are the 1st and 2nd order moments of the random variable d̃i,
which is a log-normal random variable, as seen in (5.9). Thus, they can be calculated
from (5.12):

E
[
d̃i
]
= eµd+

σ2
d
2 (5.24)

E
[
d̃2

i
]
= e2µd+2σ2

d (5.25)
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Therefore,
Var

(
d̃i
)

= e2µd ·
(

e2σ2
d − eσ2

d

)
(5.26)

where µd and σd can be obtained from (5.10) and (5.11). The position of the mobile node
can be the estimated by finding the values (x, y) that minimize the following error func-
tion:
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N

∑
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1
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d
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(5.27)
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As the value of σd is constant, that is, it is the same for every distance estimation, the
factor e2σ2

d −eσ2
d can be taken out in (5.28) as a common factor that multiplies all the terms

of the sum and, therefore, its value does not affect the estimated position. As a result,
in order to apply this positioning technique the value of the parameter σ of the channel
model does not need to be estimated and the problem is simplified to minimizing the
following expression:

ε =
N

∑
i=1

1
d2

i

(√
(xi− x)2 +(yi− y)2− d̃i

)2

(5.29)

As it can be noticed, the function (5.29) that we want to minimize in this case is very
similar to the function that is minimized in the circular algorithm (3.21), except from
some weighting factors that emphasize the contribution of those distance measurements
that are expected to be more reliable, i.e. those with a smaller variance. Note that these
weighting factors depend on the real distances di between the mobile and the anchor
nodes. Therefore, in order to use this method in a real deployment, it is necessary to
approximate the real distances di by the estimated distances d̃i.

The position (x, y) of the mobile node can be then calculated iteratively using, for exam-
ple, a straight gradient method (3.22) for minimizing (5.29).

This technique is expected to perform better than the standard ones and than the weighted
hyperbolic technique, as it considers the accuracy of the distance measurements and it
is based on the circular algorithm (which gives better localization results than the hy-
perbolic algorithm, as it minimizes directly the distance errors and not some non-linear
function of them as in the hyperbolic algorithm). But on the other hand, it is an iterative
method, so its computational load may be greater.

The computational complexity of both circular positioning algorithms (classical and weighted)
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is O(I ·m), where I is the number of iterations needed for convergence and m is the num-
ber of reference nodes inside the coverage area of the mobile node. Although they have
the same asymptotic complexity, the weighted circular algorithm is a little more complex,
since it involves the computation of the weighting factors. On the other hand, compared
with the classical hyperbolic algorithm whose asymptotic complexity is O(m), the cir-
cular algorithms are more complex due to their iterative nature. Finally, given that the
complexity of the weighted hyperbolic algorithm is O(m3), we expect a smaller computa-
tional load for this algorithm when the value of m is small, whereas for high values of m
the circular algorithms would be a better choice.

5.3 A positioning method based on parametric channel models

As mentioned in chapter 3, the propagation of a radio signal, specially in indoor environ-
ments, is a very complex phenomenon that cannot be predicted exactly, since it depends
on the characteristics of the surrounding (and changing) environment in which the wire-
less network is deployed. Its behavior is usually modeled using simplifying assumptions
to obtain simple channel models that can be used in practice without the need of com-
plex calibration procedures. In practice, channel models used for localization (e.g. the
log-normal channel model) are isotropic and describe the received power as a function of
the distance between transmitter and receiver. This kind of description is obviously very
idealistic, and thus, not very accurate, since the received power does not only depend on
the distance, but also on other factors as the presence of walls, objects or people in the
surrounding environment, that may cause multipath propagation, fading and shadow-
ing. As a result, when these theoretical and simplified models are used to obtain distance
estimations from RSS measurements, some errors will be introduced. The estimated dis-
tances will be different from the true distances, and this will produce an error in the
estimated position of the mobile node.

In this section, we propose a model-based localization method which tries to reduce this
error by using a parametric channel model to calculate the distances between network
nodes. The idea behind this approach is to obtain different sets of estimated distances
from the RSS measurements, each of these sets producing a different localization result, to
finally choose the estimated position that is believed to be more accurate. In the following
we describe the proposed method.

The method is based on the use of a parametric channel model. By parametric channel
model we refer to a function that gives a relation between the RSS and the distance be-
tween transmitter and receiver and that depends on various parameters, in such a way
that different values of the parameters will model different channels. For example, the
log-normal channel model (5.1) can be understood as a parametric channel model, with
parameters A and η.
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The method consists of letting the parameters of the model vary slightly around their
estimated values, so that a collection of channel models is obtained. Each of the resulting
channels is then used to estimate the distances between pairs of nodes and obtain an es-
timated position of the mobile node. Clearly, the different models will produce different
sets of estimated distances, and thus, different estimated positions for the mobile node.
Finally, from the set of estimated positions, one of them is chosen as the best estimator.
Ideally, the best estimator is the one with the lowest error in the estimated position, how-
ever, this error cannot be computed in practice, as the real position is unknown. In order
to find the best estimator, we propose to choose the localization result which provides
the smallest fit error, which is calculated as the sum of the square distances between the
estimated position (x̂, ŷ) and the circumferences defined by the estimated distances:

ε =
N

∑
i=1

(√
(xi− x̂)2 +(yi− ŷ)2− d̃i

)2

(5.30)

Notice that in order to calculate the set of estimated positions (one for each channel
model) any positioning algorithm could be used, for example, the standard hyperbolic
or circular algorithms, or their weighted versions presented in section 5.2.

As the proposed localization method selects the position that has the minimum fit error,
it would be desirable that this position were the one that had the minimum position
error too. As an example, figure 5.2 shows the average fit error and the average position
error as a function of the estimated channel parameters, for a network composed of one
mobile node and N=6 reference nodes deployed in a 10 m x 10 m area. The figure was
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Figure 5.2: Average fit error and position error as a function of the estimated channel parameters η and A.

obtained by averaging the results of 1000 simulations, in which the positions of the nodes
are randomly chosen. The real channel for these simulations was characterized by the log-
normal model with η = 3, A = -64 dB and σRSSe f f = 0.2dB and the RSS measurements
were converted into distances using the log-normal channel model with different values
of A and η. The estimated positions were then calculated with the hyperbolic positioning
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5.3 A positioning method based on parametric channel models

algorithm. It can be noticed in figure 5.2 that the values of the parameters that minimize,
in average, the position error are also those that minimize the fit error. Therefore, the
proposed method will select, in average, the estimated position that is closest to the real
position. Note that this is an average performance, that is, the proposed method does not
guarantee to always select the best position estimation.

Figure 5.3 shows a simple example of the method in which a single parameter channel
model is used. One mobile and four anchor nodes are represented. The circumferences
around the anchor nodes represent the estimated distance between the mobile node and
each anchor node. As it can be seen, there are two circumferences around each anchor
node. Each one corresponds to a different value of the parameter of the channel model
and produces a different localization result. The localization results for both channels
are represented in figure 5.3 as a black plus and a blue cross. As it can be noticed, the
localization result represented by the blue cross has a smaller fit error than the other one.
In this case, the blue cross would be selected as the best estimation of the mobile node
position. It can be seen that this localization result is also the closest to the real position
of the mobile node.
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Figure 5.3: Example of the proposed algorithm for a single parameter channel model.

The computational complexity of this method is proportional to that of the positioning
algorithm used to calculate the position estimations. In particular, the utilization of this
complementary method multiplies the computational cost of the underlying algorithm
by a factor q, equal to the number of possible combinations of the channel parameters
that are finally used.

131



Positioning techniques for energy-efficient, accurate and robust localization

5.4 Performance evaluation for simulated data

In this section we evaluate through some simulations in Matlab the performance of the
proposed positioning techniques in terms of the accuracy of the localization results. We
compare these results with those obtained with the standard hyperbolic and circular po-
sitioning algorithms. We pay a particular attention to the robustness of these techniques
to errors in the estimated channel model, that is, on how the accuracy degrades as the
estimated channel model differs from the optimum one. The more robust the technique
is, the more attractive from the practical point of view it will be, since it will behave better
in a real situation where the channel is estimated from a limited set of measurements.

We also study the computational load of the considered algorithms, which is an impor-
tant factor for two reasons. On the one hand, using algorithms with low computational
cost is usually interesting, especially in resource-constrained devices in which the pro-
cessing capacity is quite limited. On the other hand, the computational load is an indica-
tor of the energy that will be consumed in the computation of the algorithm. This is an
important issue if the algorithm is executed in the nodes and not in a central processor,
since in wireless devices energy is a limited resource that must be saved and, although
the transmission and reception of radio signals is the most energy consuming task in
wireless devices, the computation also contributes to the energy consumption.

The simulation environment is the following. We consider a 100 m x 100 m room, with
N anchor nodes and one mobile node that is situated randomly throughout the room.
In each position of the mobile node, the N RSS values (one for each anchor node) are
simulated using the log-normal channel model (5.1) with η = 3, different values of A
(which simulates different coverage areas) and different values of σRSSe f f = σ/

√
n. When

the simulated RSS is below the receiver sensitivity (we have set this sensitivity to -96
dBm, as in the MicaZ motes (MicaZ Datasheet, 2010)), we simulate that the measurement
is not available. These RSS values are then converted to estimated distances through the
channel model (5.1). Finally, using the known positions of the N anchor nodes and the
distance estimates to them, the proposed positioning algorithms are applied in order to
estimate the position of the mobile node. It should be noticed that the channel model used
for the RSS-distance conversion (characterized by the parameters ηmodel and Amodel) does
not have to be the same as the real channel (characterized by the parameters ηreal and
Areal). Indeed, in a practical deployment, the channel model is only an approximation to
the real characteristics of the channel. We assume first that the parameters of the channel
model η and A are perfectly known (ηmodel = ηreal and Amodel = Areal) and afterward we
will show how the performance is affected when these parameters are estimated with
some errors, i.e. when ηmodel 6= ηreal or Amodel 6= Areal .
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5.4.1 Performance for perfect channel models

We have carried out 1000 simulations, varying randomly the positions of the mobile node
throughout the room. Figure 5.4(a) shows the average localization errors (calculated as
the square root of the Mean Square Error) as a function of the standard deviation σRSSe f f

of the RSS measurements for the hyperbolic and circular algorithms, for an environment
with N = 36 anchor nodes (following a 20 m x 20 m grid) and Areal = -50 dB (coverage
radio around 30 m). The parameters of the channel model in this case were assumed
to be perfectly known. The Cramer-Rao bound, calculated from (3.20) (see section 3.3.1),
which indicates which is the minimum variance an unbiased estimator of the position can
achieve, is also shown as comparison. It can be seen that the accuracy of the proposed
weighted methods is better than the accuracy obtained with the traditional algorithms,
especially when the measurements of the RSS have a large standard deviation. A similar
performance is obtained for other values of N and Areal .

Figure 5.4(b) shows, for the previous simulation environment, the average localization er-
rors (calculated as the square root of the Mean Square Error) as a function of the standard
deviation σRSSe f f of the RSS measurements when the parametric method is applied over
the hyperbolic and circular algorithms. To apply this method a total of q = 49 channel
models were selected, corresponding to seven different values of ηmodel and seven differ-
ent values of Amodel . The values of ηmodel and Amodel for the parametric method should be
chosen to vary around the estimated values of the channel parameters. In this case, as
these parameters are assumed to be known, the values of ηmodel and Amodel will be cho-
sen to vary around ηreal and Areal . In particular ηmodel was chosen to vary around its real
value at steps of 0.1, i.e. the seven values of ηmodel ranged between ηreal-0.3 and ηreal+0.3.
Amodel was chosen to vary around its real value at steps of 1 dB, i.e. the seven values of
Amodel ranged between Areal-3 dB and Areal+3 dB. The Cramer-Rao bound is also shown
as comparison. It can be seen that for this special case in which the channel parameters
are perfectly known, the accuracy of the parametric method is similar the accuracy of
the underlying methods, as using different channel models (different from the real one)
will not introduce big changes in the final result. For high standard deviations of the
RSS measurements, it can be noticed that the localization error decreases slightly when
the parametric method is applied over the hyperbolic techniques, whereas when it is ap-
plied over the circular algorithms, the error increases a little. Nevertheless, applying the
parametric method implies a great increase in the computational cost, as the cost of the
underlying positioning algorithm is multiplied by the number of channel models that
are used (q = 49, for this simulation). As the use of this method does not lead to a much
better accuracy when the channel is perfectly modeled, it has no sense to use it under
these circumstances. Therefore, in the rest of this section, we will only evaluate the ba-
sic standard and weighted algorithms, whereas the parametric method will be evaluated
in the following section, aimed at studying the performance of the different positioning
algorithms when the channel parameters are unknown or roughly estimated.
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(b) Parametric method

Figure 5.4: Square root of the MSE of the localization result as a function of the standard deviation σRSSe f f
of the RSS measurements for different positioning methods.
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Figure 5.5 shows the average localization errors as a function of the parameter Areal

(which models in this case different coverage areas), for an environment with N = 36
anchor nodes (following a 20 m x 20 m grid) and σRSSe f f = 3 dB. It should be noted that
the variation with Areal for a fixed value of N is equivalent to a variation of the number of
reference nodes inside the coverage area of the mobile node (m). It can be seen that the
performance of the traditional algorithms degrades when Areal increases, that is, when
the coverage area increases, as for a given node density this implies that the mobile node
is able to receive signals from more distant reference nodes, that produce less reliable RSS
measurements. On the contrary, weighted algorithms behave even better for high cover-
age areas, as the new information coming from distant nodes is weighted according to its
uncertainty.
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Figure 5.5: Square root of the MSE of the localization result for different positioning methods as a function
of Areal . The values of m corresponding to these values of Areal vary between 3.9 and 14.2.

Figure 5.6 shows the average localization errors of the hyperbolic and circular positioning
methods as a function of the number of anchor nodes, for an environment with A = -45
dB (coverage radio around 45 m) and σRSSe f f = 3 dB. Again, the dependency with N
in this figure is equivalent to a dependency with the number of reference nodes inside
the coverage area of the mobile node (m). The corresponding values of m in this figure
range from 6.2 to 50, therefore, although we have included this large range to clearly
see the tendencies, only the first part of the figure is interesting from a practical point of
view. It can be seen that, for a fixed value of A, the localization error diminishes when
the number of anchor nodes increases, since the number of reliable RSS measurements
(from close anchor nodes) increases with the anchor nodes density. The figure also shows,
as comparison, two trivial weighting schemes that, based on the traditional hyperbolic
and circular algorithms, just ignore lower power signals and therefore will have a lower
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computational cost than the weighted techniques proposed in this paper. These trivial
weighting techniques get closer to the proposed weighted techniques as the number of
reference nodes increases (or equivalently, as m increases). However, in real deployments
the value of m is usually small, so in general, the proposed weighted techniques will have
a better performance in terms of accuracy.
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Figure 5.6: Square root of the MSE of the localization result for different positioning methods as a function
of N. The values of m corresponding to these values of N vary between 6.2 and 50.

Figure 5.7 shows the average processing time for the computation of the mobile node
position as a function of the number of anchor nodes, for an environment with A = -45
dB and σRSSe f f = 3 dB. It should be noticed that although this parameter is dependent on
the actual implementation of the algorithm and on the activities of the computer during
the processing time, it can serve as a coarse indicator of the computational cost. Also, the
processing time of the circular algorithms depend on the value of α, so in order to obtain
a fair comparison, we have used in the simulations the best value of α for each of the al-
gorithms (0.8 for the proposed weighted algorithm, 0.28 for the trivial weighting scheme
and 1.9/N for the classical algorithm). Although the particular values in this figure are
not significant, the relationship between the different algorithms and their dependency
on the number of anchor nodes is relevant. The results indicate that the complexity of
the circular positioning techniques and the classical hyperbolic technique grows linearly
with m, whereas the complexity of the weighted hyperbolic algorithm grows faster, as
expected. On the other hand, we can see that there is a crossover in complexity between
the weighted hyperbolic algorithm and the circular algorithms: for small values of m,
the hyperbolic technique is faster; for large values of m the circular algorithms are better.
Anyway, in real deployments the value of m is usually small, so in general, the weighted
hyperbolic algorithm will have a better performance in terms of complexity.
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Figure 5.7: Average processing time of the different positioning algorithms as a function of the number of
anchor nodes (N). The corresponding values of m vary between 6.3 and 49.7.

To sum up, the obtained results indicate that the accuracy of the proposed weighted
methods is better than the accuracy obtained with the traditional algorithms, especially
when the measurements of the RSS have a large standard deviation and when the beacon
density is high. We have also observed that the weighted circular technique has a very
good performance and provides better localization results than the weighted hyperbolic
technique, but at the expense of much higher computational costs (around three times
the computational cost of the weighted hyperbolic techniques for typical (small) values
of m in real deployments). From these results we can state that, for a certain application,
if we need a great accuracy in the localization and we do not have energy constraints,
we should probably use the weighted circular algorithm. On the other hand, if we have
energy limitations we would have to consider the accuracy-energy consumption trade
off to choose between the hyperbolic and the weighted hyperbolic techniques. Finally,
we have seen that the use of the parametric method over one of the standard or weighted
algorithms introduces a very high computational cost, therefore, its use will be indicated
only for situations in which the accuracy is also greatly increased with respect to that
achieved by the basic positioning algorithms. This is not the case when the channel
is perfectly modeled, but may happen when the parameters of the channel model are
roughly estimated or established theoretically, as we will see next.

5.4.2 Performance for imperfect channel models

In the previous simulations we have considered that the channel model used for the
RSS-distance conversion was equal to the real channel model, that is, the channel model
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that was used to generate the RSS measurements. But in a real situation, the channel is
usually characterized from a set of measurements and the estimated channel model may
not be the best, that is, another model with slightly different parameters could lead to
more accurate results. Therefore, it is very interesting to evaluate the sensitivity of the
proposed algorithms to errors in the estimation of the channel parameters.

As a simple example to illustrate the effect of a bad channel estimation, imagine a simple
case in which we need to localize a mobile node in a 10 m x 10 m room where N = 9
reference nodes were deployed. Imagine that the real channel is characterized by the log-
normal model with ηreal = 3, Areal = -50 dB and σRSSe f f = 0.2 dB. And suppose that we have
experimentally measured the values of these parameters obtaining ηestim = 3.1 and Aestim

= -48 dB. Figure 5.8 shows the localization results for a possible trajectory of the mobile
node when the traditional hyperbolic positioning algorithm is applied. The black path
indicates the motion of the mobile node, whereas the blue path shows the localization
result when the estimated parameters (ηestim = 3.1 and Aestim = -48 dB) are used. The red
path shows the localization result if the real parameters of the channel (ηreal = 3, Areal =
-50 dB) were used. It is evident here that when the real parameters of the channel are
used, the localization is more accurate, but in practice these parameters are not known:
they must be estimated. The weighted positioning algorithms proposed in section 5.2
and the complementary parametric algorithm of described in section 5.3 can be used to
reduce the influence of a bad channel estimation.
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Figure 5.8: Example of the localization results obtained with well and bad estimated channel parameters.

Figure 5.9 shows an example of how the proposed methods perform when the channel
parameters are not perfectly estimated. We considered the same simulation environment
as in the previous example, i.e, a network with one mobile nod and N = 9 reference nodes

138



5.4 Performance evaluation for simulated data

deployed in a 10 m x 10 m room, where the real channel is characterized by ηreal = 3, Areal

= -50 dB and σRSSe f f = 0.2 dB and the estimated parameters of the channel models are
ηestim = 3.1 and Aestim = -48 dB. The traditional and weighted hyperbolic and circular po-
sitioning algorithms were used to perform the localization using the estimated values of
the channel parameters. The parametric method proposed in section 5.3 was also used,
using different values of ηmodel ranging from 2.8 to 3.4 (seven different values) and differ-
ent values of Amodel ranging from -51 dBm to -45 dBm (seven different values), i.e. a total
of 49 channel models were tested. Figure 5.8 shows the localization results for a particu-
lar trajectory of the mobile node for the four basic positioning algorithms. In each case,
the corresponding localization results when the parametric method is used is also repre-
sented, where each single localization was done with the corresponding positioning al-
gorithm. For example, the first figure illustrates in blue the estimated trajectory when the
hyperbolic positioning algorithm is used with the estimated channel parameters, while
the red path corresponds to the estimated trajectory for the parametric method, where
the 49 different localizations at each point were calculated with the hyperbolic position-
ing algorithm. The rest of the figures follow the same convention.
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(a) Hyperbolic algorithm
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(b) Weighted hyperbolic algorithm
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(c) Circular algorithm
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(d) Weighted circular algorithm

Figure 5.9: Example of the localization results obtained with the four considered positioning algorithms
and the parametric method.

We can see for this particular example that the weighted algorithms are less sensitive
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than the traditional algorithms to the errors in the estimated channel parameters. On
the other hand, when the parametric method is applied, the results are quasi identical to
those obtained with the real channel parameters (compare figures 5.9 and 5.8). Therefore,
based on this simple example, we could sort these methods according to their sensitivity
to channel estimation errors in the following order:

• Hyperbolic algorithm

• Circular algorithm

• Weighted hyperbolic algorithm

• Weighted circular algorithm

• Parametric method

Furthermore, it can be also seen in figure 5.9 that the positioning algorithm running under
the parametric method has little effect on the final localization result. Therefore, the one
with the lowest computational cost should be chosen as underlying algorithm in order to
reduce as much as possible the energy consumption.

This simple example illustrates the performance of the proposed algorithms for a very
particular and simplified case. Note, for example, that in order to have a clear graphical
representation of the localization results, we have used a very low channel noise and a
quite small deployment area. However, the observed performance can be extrapolated
to more complex scenarios. In the following, we present the results of another set of
simulations that were carried out to evaluate the proposed algorithms with respect to
errors in the estimated channel parameters.

Considering the same simulation environment as in the experiments of section 5.4.1, that
is, a 100 m x 100 m room, with N anchor nodes and one mobile node, we performed
several simulations for different values of the parameters η and A of the estimated channel
model (ηestim and Aestim), while the parameters of the real channel used to generate the RSS
measurements in these simulations were fixed to ηreal = 3, Areal = -50 dB and σRSSe f f = 3
dB. For each value of the estimated ηestim and Aestim we carried out 1000 simulations with
different positions of the mobile node and N = 36.

Figure 5.10 shows the average localization error for the different techniques as a function
of the parameter ηestim of the estimated channel, assuming that A is known without error
(Aestim = Areal). In particular, figure 5.10(a) shows the localization results for the weighted
least-squares positioning techniques described in section 5.2. The standard hyperbolic
and circular positioning techniques are also shown as comparison. On the other hand,
figure 5.10(b) represents the localization accuracy when the parametric method proposed
in section 5.3 is applied over the hyperbolic and circular algorithms. To apply this method
a total of 49 channel models were selected, corresponding to seven different values of
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ηmodel and seven different values of Amodel . In particular ηmodel was chosen to vary around
its estimated value at steps of 0.1, i.e. the seven values of ηmodel ranged between ηestim-0.3
and ηestim+0.3. Amodel was chosen to vary around its estimated value, at steps of 1 dB, i.e.
the seven values of Amodel ranged between Aestim-3 dB and Aestim+3 dB. As a reference to
highlight how quickly the performance degrades with an error in the channel estimation,
we have included in the figures the localization errors of a straightforward positioning
technique that estimates the position of the mobile node as the centroid of the positions
of the reference nodes from which the mobile node receives signals.
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(b) Parametric method

Figure 5.10: Average localization error of the different positioning algorithms for different values of the
estimated parameter ηestim of the channel model.
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(b) Parametric method

Figure 5.11: Average localization error of the different positioning algorithms for different values of the
estimated parameter Aestim of the channel model.

Figure 5.11 shows the average localization error as a function of the parameter Aestim of
the estimated channel model assuming that η is known without error (ηestim = ηreal). In
particular, figure 5.11(a) shows the localization results for the weighted least-squares po-
sitioning techniques described in section 5.2, with the standard hyperbolic and circular
positioning techniques as comparison. On the other hand, figure 5.11(b) represents the
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localization accuracy when the parametric method proposed in section 5.3 is applied over
the hyperbolic and circular algorithms. To apply this method a total of 49 channel models
were selected again, corresponding to seven different values of ηmodel and seven differ-
ent values of Amodel , selected as for figure 5.10(b). The localization error of the centroid
algorithms is also shown as reference.

It can be seen that using the weighted or the classical positioning techniques with a
wrongly estimated channel model can yield very poor localization results, even worse
than those obtained with the simple centroid technique. Therefore, it is very important
to estimate the parameters of the channel model with enough accuracy in order to achieve
good position estimates. It is also interesting to note that if η is underestimated or A is
overestimated, the performance of these positioning techniques degrades very quickly,
whereas for overestimated η and underestimated A the degradation is not so fast. This
fact should be taken into account when the parameters A and η are being estimated or
chosen to model the channel. Finally, a remarkable aspect is that, although in all the cases
the performance degrades when the estimated parameter differs from the real one, the
two proposed weighted algorithms are less sensitive to these variations than the standard
techniques, and specially, the weighted circular technique, which is quite insensitive to
overestimating η and underestimating A. This feature is very valuable in practical de-
ployments, where the channel is usually roughly estimated.

On the other hand, it can be also noticed that the parametric method effectively decreases
the localization error when the estimated channel parameters differ from the real ones. In
fact, we can see that the resulting accuracy is almost constant for a wide range of values
of estimated η and A (those for which the range of possible parameters for the paramet-
ric method include the real value of the channel parameter). This kind of performance
is very attractive for applications in which the channel parameters cannot be estimated
with sufficient accuracy. However, the use of this technique involves a higher energy
consumption, as the localization of the mobile node is performed several times at each
position. In the case of the simulation, for example, the cost is multiplied by 49 with re-
spect to the use of the circular or hyperbolic positioning algorithms, as this is the number
of channel models that are used for each localization. Consequently, the application of
this method is only recommended for applications in which the localization result is re-
quired to be accurate, even with very roughly calibrated propagation channels, and the
energy consumption is not a strong concern.

5.5 Performance results for experimental data

In this section we describe the results of some experimental tests carried out to evaluate
the accuracy, processing time and robustness of the proposed positioning algorithms in
real wireless network deployments. Three wireless networks have been used for these
experiments: a Wifi network, a Bluetooth network and a wireless sensor network com-
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posed of MicaZ motes.

5.5.1 Description of the experimental deployments

The three experiments were carried out in an office area in which we deployed several
reference nodes at different positions and a mobile node was used to test the algorithms.
In particular, four reference nodes were deployed in the WiFi network, three in the Blue-
tooth network and twelve in the wireless sensor network. The mobile node was situated
at several position of the deployment area and used to obtain the corresponding RSS
measurements at that position. A more detailed description of the three experimental
deployments was included in section 3.1.2, where figures 3.4(a), 3.5(a) and 3.6(a) show,
for the three networks, the deployment area together with the position of the reference
nodes and the measurement points, i.e., the positions where the mobile node was situated
in order to take the corresponding RSS measurements.

The transmission power of the WiFi access points was set to 20 dBm and their coverage
was big enough to cover almost all the testing area. Therefore, at most of the measure-
ment points signal was received from the four access points and, in the worst case, at
least three access points were heard. For the Bluetooth network Class II devices were
used, so their maximum transmission power is 4 dBm and their coverage is around 10 m.
Finally, the transmission power of the MicaZ devices was set to 0 dBm so their coverage
was around 6 m, depending on the walls and furniture. Therefore, the number of anchor
points from which we took the RSS was different depending on the position of the mo-
bile node, but in all the cases, we took at least RSS measurements from 3 anchor nodes.
The high beacon density of this deployment comes from the fact that we must guarantee
coverage from at least three reference nodes in all the area in order to be able to perform
the localization.

The three deployments work in the 2.4 GHz ISM band and with real propagation condi-
tions, that is, people moving in the office, walls and furniture that act as obstacle for the
radio signal and produce non line-of-sight propagation, etc. Although the deployment
area is not very wide, the conclusions obtained from the results of these experiments can
be extrapolated to bigger setups, as the performance of the positioning algorithms actu-
ally depends on the number of beacons that the mobile node can see (and their position),
rather than on the size of the deployment area. This number of beacons depends itself
on the density of beacon nodes and on the coverage radio, and is usually small in real
applications (but at least 3, to guarantee localization). We have chosen the experiments to
have different beacon densities and different coverage areas, but always a realistic num-
ber of nodes heard by the mobile node (m): a very low value in the Bluetooth and WiFi
experiments (3 and 4, respectively) and a higher value in the wireless sensor network
experiment (between 5 and 12 depending on the zone, 10.8 in average).
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These collected RSS measurements were then converted into distances through the log-
normal channel model in (5.1). Obviously, the channel behavior is different for each
experiment, so we estimated a different channel model for each case. To obtain the pa-
rameters A and η of the models we represented the RSS measurements obtained in each
experiment as a function of the distance between the measurement point and the anchor
node. Then we fitted the model (5.1) to these data using the Levenberg-Marquardt algo-
rithm. Figures 3.4(b), 3.5(b) and 3.6(b) in section 3.1.2 show the fittings and the estimated
values of the parameters A and η for the three experiments. The values of these esti-
mated parameters, which were used to convert RSS measurements into distances in this
experimental evaluation, are summarized in table 5.1.

Table 5.1: Estimated values of the model parameters A and η for the WiFi, Bluetooth and wireless sensor
network experiments.

A (dB) η

WiFi -16.64 3.84

Bluetooth -47.68 2.81

WSN -59.55 2.33

Finally, with the estimated distances, the proposed positioning algorithms were used
to estimate the location of mobile node. Again, the standard hyperbolic and circular
positioning algorithms were also computed as a reference for comparison.

5.5.2 Localization accuracy and processing time

Figures 5.12, 5.13 and 5.14 show, for the WiFi, Bluetooth and sensor network experiments
respectively, the cumulative distribution function (CDF) of the positioning error using the
different positioning techniques. The standard and weighted techniques were applied
over the distance estimates calculated with the estimated channel models (see the values
of the estimated channel parameters in table 5.1). The parametric method was applied
using seven different values of ηmodel (from ηestim-0.3 to ηestim+0.3) and seven different
values of Amodel (from Aestim-3 dB to Aestim+3 dB). Tables 5.2, 5.3 and 5.4 summarize their
average error and average processing time.

As it can be noticed, the three experiments validate what we expected from theory and
observed in the simulations: the weighted hyperbolic positioning technique has a bet-
ter performance than the hyperbolic positioning technique and the weighted circular
positioning technique has a better performance than the circular positioning technique.
Again, we can also observe, as we did in the simulations, that the weighted circular posi-
tioning technique has the best performance and that the weighted hyperbolic positioning
technique has a better performance than the circular positioning technique. This is a re-
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Figure 5.12: Cumulative distribution function of the localization error in the WiFi experiment using
different positioning algorithms.
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Figure 5.13: Cumulative distribution function of the localization error in the Bluetooth experiment using
different positioning algorithms.
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Figure 5.14: Cumulative distribution function of the localization error in the wireless sensor network
experiment using different positioning algorithms.
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Table 5.2: Average localization error and average processing time for the different positioning algorithms
in the WiFi experiment (N=4).

Av. localization error (m) Av. processing time (ms)

Hyperbolic 7.73 0.04

Weighted hyperbolic 3.69 0.08

Circular 4.19 0.33

Weighted circular 2.56 1.02

Hyperbolic + parametric 4.26 1.75

Weighted hyperbolic + parametric 3.21 4.00

Circular + parametric 3.30 16.95

Weighted circular + parametric 2.75 48.71

Table 5.3: Average localization error and average processing time for the different positioning algorithms
in the Bluetooth experiment (N=3).

Av. localization error (m) Av. processing time (ms)

Hyperbolic 4.58 0.04

Weighted hyperbolic 4.58 0.08

Circular 3.93 0.30

Weighted circular 2.70 1.07

Hyperbolic + parametric 4.71 1.77

Weighted hyperbolic + parametric 4.71 3.81

Circular + parametric 2.69 15.45

Weighted circular + parametric 2.96 50.62

Table 5.4: Average localization error and average processing time for the different positioning algorithms
in the wireless sensor network experiment (N=12).

Av. localization error (m) Av. processing time (ms)

Hyperbolic 10.59 0.03

Weighted hyperbolic 2.80 0.11

Circular 4.01 0.54

Weighted circular 2.14 0.53

Hyperbolic + parametric 3.16 1.68

Weighted hyperbolic + parametric 2.65 5.22

Circular + parametric 2.29 29.20

Weighted circular + parametric 2.26 27.52
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markable fact because this least squares technique also has a lower computational load.
Therefore, this algorithm shows a good compromise between localization accuracy and
computational cost.

On the other hand, we can observe that the accuracy improvement introduced by us-
ing the parametric method depends on the accuracy obtained with the basic positioning
technique. If the basic technique already obtains a good accuracy, the improvement is
not significant; thus using the parametric approach is not very effective, as it entails a
larger cost with a marginal gain of accuracy. On the contrary, when the basic technique
is not very accurate (for example, for the classical hyperbolic algorithm), the use of the
parametric method could be reasonable. Based on these results we can conclude that the
performance of the parametric method is acceptable when applied over the standard hy-
perbolic positioning technique, but not over the other basic algorithms, as the increase in
computational cost is not assumable. However, as for the standard circular algorithm, the
performance of this method is not so good as the weighted hyperbolic positioning tech-
nique, as it has a higher computational cost and produces a bit less accurate localization
results.

From these experiments we can propose a classification of the different methods accord-
ing to their suitability to different types of applications. For applications that require a
very high accuracy, regardless of the energy consumption, the weighted circular algo-
rithm is recommended. On the contrary, if the energy consumption is the most crucial
aspect and the localization accuracy does not need to be good, the standard hyperbolic
technique would be more suitable. Finally, if a compromise is needed between accuracy
and cost, the weighted hyperbolic technique should be preferred. The standard circular
technique and the parametric method (applied over the standard hyperbolic technique)
also show a compromise between accuracy and cost, but for this experiments their per-
formance is not as good as for the weighted hyperbolic technique. Their use could be
recommended in very high density networks, as in this case the computational cost of
the weighted hyperbolic technique would be higher. Table 5.5 summarizes this classifi-
cation.

Table 5.5: Evaluation of the positioning algorithms.

Typical node density High node density
(m . 20) (m & 20)

High accuracy Weighted circular Weighted circular

Low cost Hyperbolic Hyperbolic

Accuracy-cost Weighted hyperbolic Circular
compromise Hyperbolic + parametric

Notice that in the Bluetooth experiments the weighted hyperbolic technique and the tra-
ditional hyperbolic technique produce the same results in terms of accuracy. The rea-
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son is that in this experiment only three reference nodes were used, and as a result, the
hyperbolic problem becomes a determined problem, with only two equations and two
unknowns, that have a unique solution, so the weights have no effect. Otherwise seen,
when N=3, the matrix H in the hyperbolic problem formulation (5.2) is a 2x2 square ma-
trix. Therefore, the least-squares and weighted least-squares solutions of this problem
become the same, as proved below:

LS : x̂ = (HT H)−1HT b̃ = H−1(HT )−1HT b̃ = H−1b̃ (5.31)

WLS : x̂ = (HT S−1H)−1HT S−1b̃ = H−1(HT S−1)−1HT S−1b̃ = H−1b̃ (5.32)

5.5.3 Robustness to channel model estimation errors

In the experiments we described in the previous section, we have used the model that
was fitted to the experimental data for the RSS-distance conversion. But in a real local-
ization situation, this is not always possible; the channel is usually characterized from a
collection of previous measurements and would be different from the one we have used.
Therefore, from the practical point of view, it has a great interest to evaluate the sensitiv-
ity of the proposed algorithms to variations in the estimated channel parameters, as we
did with the simulations.

Figures 5.15 and 5.16 show the average localization error in the WiFi experiment for dif-
ferent values of the log-normal channel model parameters. Figures 5.17 and 5.18 show
the average localization error in the Bluetooth experiment and figures 5.19 and 5.20 show
the average localization error in the wireless sensor network experiment.

In the WiFi and in the wireless sensor network experiments it can be seen that the two
proposed weighted algorithms have better accuracy than the corresponding non-weighted
algorithms for any value of the parameters of the channel model. That is, the weighted
hyperbolic positioning algorithm always gives better localization results than the stan-
dard hyperbolic algorithm and the weighted circular algorithm always gives better local-
ization results than the standard circular algorithm. The same performance is observed
in the Bluetooth experiment, except for the fact that the weighted hyperbolic algorithm
produces the same results as the classical hyperbolic algorithm, due to the fact that N=3,
as explained above.

Furthermore, when the channel model differs from the optimum one (the one for which
the localization errors are the lowest, which corresponds in the WiFi case for example
to ηestim between 3.8 and 4.3 and Aestim between -22 dB and -17 dB, depending on the
algorithm), the improvement when using the proposed weighted positioning techniques
may be quite significant. Usually, the parameters of the channel model are estimated from
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Figure 5.15: Average localization error in the WiFi experiment for Aestim = -18 dB and different values of
ηestim.
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Figure 5.16: Average localization error in the WiFi experiment for ηestim = 3.8 and different values of
Aestim.
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Figure 5.17: Average localization error in the Bluetooth experiment for Aestim = -50 dB and different values
of ηestim.

149



Positioning techniques for energy-efficient, accurate and robust localization

−70 −65 −60 −55 −50 −45 −40
0

5

10

15

A
estim

A
ve

ra
ge

 lo
ca

liz
at

io
n 

er
ro

r 
(m

)

 

 

Hyperbolic
Weighted hyperbolic
Circular
Weighted circular
Centroid

(a) Standard and weighted approaches

−70 −65 −60 −55 −50 −45 −40
0

5

10

15

A
estim

A
ve

ra
ge

 lo
ca

liz
at

io
n 

er
ro

r 
(m

)

 

 

Hyperbolic
Weighted hyperbolic
Circular
Weighted circular
Centroid

(b) Parametric method

Figure 5.18: Average localization error in the Bluetooth experiment for ηestim = 2.8 and different values of
Aestim.

2 2.5 3 3.5 4 4.5 5
0

5

10

15

η
estim

A
ve

ra
ge

 lo
ca

liz
at

io
n 

er
ro

r 
(m

)

 

 

Hyperbolic
Weighted hyperbolic
Circular
Weighted circular
Centroid

(a) Standard and weighted approaches

2 2.5 3 3.5 4 4.5 5
0

5

10

15

η
estim

A
ve

ra
ge

 lo
ca

liz
at

io
n 

er
ro

r 
(m

)

 

 

Hyperbolic
Weighted hyperbolic
Circular
Weighted circular
Centroid
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Figure 5.19: Average localization error in the wireless sensor network experiment for Aestim = -60 dB and
different values of ηestim.
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Figure 5.20: Average localization error in the wireless sensor network experiment for ηestim = 2.3 and
different values of Aestim.
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a group of measurements or even theoretically, so in general, the proposed algorithms
will lead to better localization results. As an example, the estimated channel model for
the WiFi experiment had parameters ηestim = 3.84 and Aestim = -16.64 dB. In this case, the
localization error for the hyperbolic positioning algorithm is 7.73 m, whereas for our
weighted methods the average errors are 3.69 m and 2.56 m.

On the other hand, it can be noticed that the use of the parametric method produces in
general better localization results than when the standard or weighted algorithms are
used alone. The gain with respect to the basic algorithm is specially noticeable when
the accuracy of the basic technique is not very high. This occurs, for example, when the
hyperbolic algorithm is used, or when the estimated channel parameters are far from
their optimum values. Under these circumstances the high computational cost of the
parametric algorithm could be worthwhile.

5.6 Conclusions

In this chapter we have proposed the use of two weighted positioning algorithms and a
parametric method to calculate the position of a mobile node in an ad hoc network from
a set of distance estimations to the anchor nodes, calculated from RSS measurements
using an imperfect channel model. The proposed methods aim at reducing the localiza-
tion errors when the channel model used for the RSS to distance conversion does not
represent very accurately the real propagation characteristics of the radio channel. We
have extensively proved through numerical simulations and real experiments that the
weighted algorithms provide better localization results than the traditional hyperbolic
and circular positioning algorithms, as they consider the accuracy of each distance esti-
mation. Furthermore, we have seen that this improvement is especially important when
the estimation of the channel model is not very accurate, which means that the proposed
algorithms are more robust to inaccuracies in the channel estimation. With respect to the
parametric method, we have seen from the simulations and experiments that this method
reduces the localization errors considerably when the channel model is badly estimated.
This fact makes the proposed algorithms very attractive for real localization applications
in which the channel model must be estimated from a limited set of measurements, or
cannot be calibrated at all.

In terms of computational cost, the cost of the weighted hyperbolic technique is only
slightly higher than the cost of the hyperbolic algorithm, and lower than the cost of the
circular algorithm for the typical characteristics of real deployments. Therefore, the use
of this algorithm will increase the accuracy of the localization system, at the expense of a
little increase in the computational cost. Again, in a real deployment, where the channel
estimation may not be very accurate, the use of this positioning algorithm may defini-
tively improve the localization system performance. On the other hand, the weighted
circular technique would be useful in applications that need a great accuracy in the lo-

151



Positioning techniques for energy-efficient, accurate and robust localization

calization and do not have energy restrictions or temporal constraints. Regarding the
parametric method, its application approximately multiplies the computational cost by
a factor q equal to number of channel models that are used for each localization. As a
result, its use is recommended for applications in which the energy consumption is not
a scarce resource and the localization accuracy needs to be high, even for very roughly
modeled channels.

In general, in order to choose between one or other technique, the accuracy-cost trade
off must be considered together with the application characteristics. For example, for
applications in which the channel model is well known, the parametric method may not
be necessary. In this case, the standard hyperbolic algorithm should be used for very
low energy consumption, the weighted circular would be appropriate for high accuracy
requirements, and the weighted hyperbolic or the circular algorithms would present a
trade-off between accuracy and cost (in general, for typical node densities, the weighted
hyperbolic presents a better performance). On the contrary, if the channel model cannot
be accurately calibrated, the use of a parametric method would be appropriate for high
accuracy applications.

In further work we are planning to empirically evaluate the computational cost of these
algorithms in terms of energy consumption. In particular, we have recently implemented
embedded versions of the four basic algorithms (in MicaZ motes, under TinyOS 2.1)
to evaluate with real-field experiments the energy consumption during the localization
when the algorithms are executed in these resource-constrained devices. Preliminary re-
sults show, as otherwise expected, that whereas circular algorithms are more suitable for
applications in which the localization is done occasionally, the weighted hyperbolic tech-
nique is appropriate and practical for real-time location tracking, as its computation time
is very short and almost identical to that of the classical hyperbolic technique.
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CHAPTER6

ENHANCING RSS-BASED

LOCALIZATION WITH INERTIAL

SENSORS

As seen so far in this thesis, RSS-based localization techniques are one of the most popular
techniques for inferring the relative positions of the nodes in wireless networks. How-
ever, in order to improve the localization accuracy of plain RSS-based localization tech-
niques, hybrid localization systems have been proposed, which combine RSS-based local-
ization with other technologies. A common approach for indoor localization comprises
the use of inertial sensors, such as accelerometers and gyroscopes, carried by the object
or person to be tracked. Over the last few years, the evolution of MEMS (Micro-Electro-
Mechanical Systems) technology has enabled the availability of low-cost and small size
inertial sensors, which can be used as inertial navigation systems (INS) to continuously
estimate, via dead reckoning, the position, orientation, and speed of a moving object
without the need for external references. Dead reckoning consists of estimating the tra-
jectory of an object by continuously adding its movements from a given starting point.
The main disadvantage of using inertial sensors for dead reckoning is that the integra-
tion of their bias and noise results in errors that accumulate quickly. Despite this drift
with time, the accuracy of inertial navigation over short periods of time can be quite high
and therefore, they can be used to enhance the performance of other localization systems,
such as those based on the measurement of the RSS.

The recent successful integration of small inertial sensors into mobile devices (PDA, mo-
bile phones) has boosted the interest in hybrid localization techniques combining RSS
measurements and pedestrian dead reckoning (PDR). While a good deal of work has
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been presented in the literature to optimize localization accuracy in combined RSS+PDR
localization systems, much less has been done about optimizing the energy consump-
tion during the localization process. (To our knowledge, the problem of optimizing the
energy consumption in hybrid localization systems combining RSS and inertial measure-
ments has not been studied before.) Indeed, this is a sensible theme, as wireless devices
carried by a person are typically battery operated in order to facilitate the subject’s mo-
bility. However, the joint optimization of accuracy and consumption is not trivial, as a
higher precision in the localization calls for a higher energy consumption, and optimal
tradeoff solutions must be sought consequently.

This chapter explicitly raises this issue for hybrid RSS+PDR localization systems and,
following the ideas presented in chapter 4, proposes an optimization framework to min-
imize the total energy consumed by the localization process while enforcing a desired
accuracy level in the localization results. Our optimization approach leverages practical
models to capture/predict the localization error and the overall energy consumption for
several localization systems featuring RSS-based and dead reckoning based approaches.

We point out that the research work described in this chapter is still ongoing (Tarrío
et al., 2011), and that many of the simplifying assumptions that we use could be further
removed to account for more complex or more realistic scenarios. Nevertheless, we hope
that this work will pave the way for further developments in this area.

After a revision of state-of-the-art techniques for PDR and hybrid RSS-PDR localization
in section 6.1, this chapter targets the design of accurate and energy-efficient hybrid lo-
calization systems based on RSS measurements and dead reckoning. To this end, section
6.2 defines the models that have been developed to capture the localization accuracy of
combined RSS-PDR localization systems, while their energy consumption is analyzed in
section 6.3. A strategy to minimize energy consumption while achieving a target accu-
racy in the localization result is proposed in section 6.4. In section 6.5 the performance of
the proposed strategy is assessed through simulation and compared against well-known
approaches available in the literature. Section 6.6 describes some experimental results
obtained from a testbed featuring commercial wireless sensor nodes that was set up to
validate the numerical results from simulation in a real-life environment. Finally, section
6.7 presents some conclusions and proposes future work along this line.

6.1 Review of localization and tracking techniques based on
inertial measurements

Inertial navigation systems were originally developed for rockets and became widespread
with the advent of spacecraft, guided missiles, and commercial airliners. Due to their ini-
tial weight and size their use was constrained to big vehicles, such as spacecraft, aircraft
and water vessels. However, the recent development of MEMS technology has given rise
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to lightweight and small inertial sensors, enabling the application of inertial techniques
to other fields, such as pedestrian tracking or human movement monitoring.

Inertial navigation is a self-contained navigation technique in which measurements pro-
vided by accelerometers and gyroscopes are used to track the position and orientation of
an object relative to a known starting point, orientation and velocity. Inertial measure-
ment units (IMUs) typically contain three orthogonal rate-gyroscopes and three orthog-
onal accelerometers, measuring angular velocity and linear acceleration respectively. By
processing signals from these devices it is possible to track the position and orientation
of a device. In the following, we briefly explain the fundamentals of inertial navigation
based on MEMS devices and we refer the interested reader to (Woodman, 2007) and the
references therein for a more detailed description.

In principle, it is possible to track the orientation of an IMU by integrating the angular ve-
locity signals provided by the gyroscopes. This orientation can then be used to transform
the acceleration samples from the body reference frame (in which all the measurements are
taken) into a global frame of reference, from which acceleration due to gravity can be sub-
tracted. The remaining acceleration can then be integrated twice to obtain the position of
the IMU relative to the initial position and speed. This procedure is illustrated in figure
6.1.

Project 

acceleration 

into global 

axes

Correct for 

gravity ò

Initial speed Initial position

SpeedAcceleration Position
Accelerometer 

signal

Gyroscope 

signal
Orientation

ò

ò
Figure 6.1: Strapdown inertial navigation algorithm.

In particular, the orientation of an IMU relative to the global frame of reference is tracked
by integrating the angular velocity signal ωb(t) = (ωbx(t),ωby(t),ωbz(t))T obtained from
the gyroscopes. Several representations for the orientation can be used, such as Euler
angles, quaternions and direction cosines. Here the direction cosines representation will
be used, but equivalent derivations using both Euler angles and quaternions can be found
in Titterton and Weston (2004). In the direction cosines representation the orientation of
the body reference frame relative to the global reference frame is specified by a 3× 3
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rotation matrix C, in which each column is a unit vector along one of the body axes
specified in terms of the global axes. A vector quantity vb defined in the body reference
frame is equivalent to the vector vg = Cvb defined in the global reference frame. The
inverse transformation is given by vb = CT vg, since the inverse of a rotation matrix is
equal to its transpose. The evolution of the orientation matrix with time can be written
as (Woodman, 2007):

C(t) = C(0) · exp
∫ t

0
Ω(τ)dτ (6.1)

where C(0) is the initial orientation of the device and Ω(t) is given by:

Ω(t) =

 0 −ωbz(t) ωby(t)
ωbz(t) 0 −ωbx(t)
−ωby(t) ωbx(t) −0

 , (6.2)

In practice, MEMS gyroscopes do not provide a continuous signal ωb(t), but samples of
it, usually taken at a fixed frequency. Therefore, an integration scheme must be used to
integrate the sampled signal. If the simple rectangular rule is applied, the orientation
matrix is updated for each new angular velocity sample using the following equation
(Woodman, 2007):

C(t +δt) = C(t)
(

I +
sinα

α
D+

1− cosα

α2 D2
)

(6.3)

where

D =

 0 −ωbzδt ωbyδt
ωbzδt 0 −ωbxδt
−ωbyδt ωbxδt −0

 , (6.4)

α = |ωbδt|, δt is the sampling period and ωb = (ωbx,ωby,ωbz)
T is an angular velocity sam-

ple.

On the other hand, to track the position of the sensors, the acceleration signal ab(t) =
(abx(t),aby(t),abz(t))T obtained from the accelerometers should be first projected into the
global reference frame using the orientation matrix: ag(t) = C(t)ab(t). Then, acceleration
due to gravity is subtracted and the remaining acceleration is integrated once to obtain
the speed, and twice to obtain the position:

vg(t) = vg(0)+
∫ t

0
(ag(τ)−gg)dτ (6.5)

sg(t) = sg(0)+
∫ t

0
vg(τ)dτ (6.6)

where vg(0) is the initial velocity of the device, sg(0) is the initial position and gg is the
acceleration due to gravity in the global reference frame. For example, in the North-
East-Down (NED) reference system, which has the first axis pointing north, the second
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one pointing east, and the third one pointing down, g = (0,0,9.8)T ms−1. In practice, the
acceleration samples arriving from the accelerometer must be integrated with some in-
tegration scheme. If the rectangular rule is used, the following equations can be used:

ag(t +δt) = C(t +δt)ab(t +δt) (6.7)

vg(t +δt) = vg(t)+(ag(t +δt)−gg)δt (6.8)

sg(t +δt) = sg(t)+ vg(t +δt)δt (6.9)

Unfortunately small errors in the accelerometer and gyroscope signals, after being inte-
grated, cause an error or drift in the calculated position that grows rapidly with time. On
the one hand, accelerometer noise and bias, after double integration, cause drift in the
tracked position. On the other hand, white noise and uncorrected bias in the gyroscopes
produce errors in the calculated orientation, which, at the same time, propagates to drift
in the calculated position, since the orientation matrix is used to project the acceleration
signals into the global reference frame. An error in orientation causes an incorrect pro-
jection of the acceleration signals onto the global axes. As a result, the accelerations are
integrated in the wrong direction and acceleration due to gravity can no longer be cor-
rectly removed before the signal is integrated. For example, if the calculated orientation
matrix is affected by a small tilt error ε, a component of the acceleration due to gravity
with magnitude gsin(ε) will be projected onto the horizontal axes and will be treated as
a horizontal acceleration of the device. In many applications the magnitude of g is much
greater than the mean absolute acceleration of the IMU itself, therefore, the projection
of this acceleration component due to gravity onto the horizontal axes is a critical prob-
lem. The integration of this residual acceleration will produce an error in the estimated
position that will grow quadratically with time. For instance, for a tilt error of just 0.05
rad, a component of the acceleration due to gravity with magnitude 0.0086 m/s2 will be
projected onto the horizontal axes, causing an error in the horizontal position of 7.7 m
after only 30 seconds, and of 30.8 m after one minute.

As a consequence, in general, the main cause of drift is a small bias perturbing the gyro-
scope signals, which causes growing tilt errors in the tracked orientation. These growing
tilt errors will produce an error in the position which grows cubically in time in the short
term (Foxlin, 2005). The drift incurred by a MEMS IMU will typically exceed 150 meters
after 1 minute of operation (Woodman, 2007).

The situation may be worse in pedestrian navigation, that is, when the object to be
tracked is a person, since the inertial sensors are attached to the body and suffer from
many movements during walk, including possible changes in their position with respect
to the user.
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One way to mitigate the cubic-in-time drift problem consists of using foot-mounted iner-
tial sensors and leverage the fact that the foot is in contact with the ground at some precise
moments. Each gait cycle is composed of a stationary stance phase (i.e. the foot is in con-
tact with the ground) and a swing phase (i.e. the foot is moving above the ground). Stance
phases can be detected from the acceleration signal of a foot-mounted accelerometer and
zero velocity updates (ZVUs) can be applied during this phase to correct accumulated
errors during the previous step. The integration of the inertial measurements is only per-
formed during the swing of legs and the velocity errors can be reset with each step since
the true velocity must be zero if the INS is known to be stationary. The application of
such constraints replaces the cubic-in-time error growth with an error accumulation that
is linear in the number of steps (Foxlin, 2005). The detection of stationary stance phases
and the application of ZVUs is documented extensively in the literature (Foxlin, 2005;
Beauregard, 2007; Ojeda and Borenstein, 2006, 2007a,b,c; Godha et al., 2006; Feliz et al.,
2009; Challamel et al., 2008; Yun et al., 2007) and hence is not discussed further here.

An alternative approach consists of detecting the walking steps. In this case, the iner-
tial sensors may be located in a waist pack. While people walk, the acceleration signal
fluctuates periodically due to the motion mechanism. The information contained in the
acceleration signals, such as the frequency, maximum and minimum amplitudes, etc. is
related to the walking dynamic of the user, and thus, can be used to estimate the traveled
distance. The most common and intuitive way to measure the distance is to count the
number of steps and multiply this number by an average step length. Step counting is
easily performed by detecting the peaks in the vertical acceleration signal (Lee and Mase,
2001), which is usually smoothed first with a low pass filter. Step length can be either
assumed to be constant, or calculated from the acceleration signal in several ways, for
example, with the empirical equation proposed in (Weinberg, n.d.) and further used in
(Fang et al., 2005; Wang et al., 2007):

l = K · (Amax−Amin)1/4 (6.10)

where Amax and Amin are the maximum and minimum vertical acceleration in a single
stride and K is a constant, which can be obtained from walking training. Some more
accurate, but also more complex models for calculating the number of step and step size
can be found in the literature (Ladetto, 2000; Cho and Park, 2006). Experimental results
show that the application of this simple approach replaces the cubic-in-time error growth
with an error that is proportional to the traveled distance (Fang et al., 2005; Beauregard
and Haas, 2006; Ladetto, 2000; Ladetto and Merminod, 2002), where the reported values
of the proportionality constant range between 1% and 10%.

In a nutshell, the main disadvantage of using inertial sensors for localization and track-
ing is the growing error in the position estimates. However, over short periods of time,
the accuracy of inertial navigation may be quite high and, consequently, they can be used
to enhance the performance of other localization systems. For example, in automotive
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navigation, inertial sensors are commonly used to complement GPS navigation when the
GPS signal is not available (e.g. urban canyons). Due to the recent successful integration
of inertial sensors in mobile phones and PDA, similar approaches have been proposed
for pedestrian tracking (Foxlin, 2005; Challamel et al., 2008; Beauregard and Haas, 2006;
Ladetto, 2000; Ladetto and Merminod, 2002). Furthermore, other hybrid localization sys-
tems combining inertial sensors with ultrasound localization systems (Fischer et al., 2008)
or UWB-based localization (Pulido et al., 2007; Renaudin et al., 2008; Hol et al., 2009) have
also been proposed.

Evennou and Marx (2006) proposed one of the first systems featuring inertial sensors
and RSS-based indoor localization. Their proposal is based on the fusion of WiFi signal
strength measurements and inertial measurements provided by an accelerometer, a gy-
roscope and an atmospheric pressure sensor, which are attached to the belt of the user.
The accelerometer is used to count the number of steps, which is then multiplied by an
average step length to obtain the traveled distance, while the angular velocity provided
by the gyroscope is integrated to keep track of the rotation around the vertical axis. The
pressure sensor is used to detect if the mobile node is going upstairs or downstairs. These
inertial measurements are fed into a Kalman filter to reduce noise. On the other hand,
the WiFi RSS measurements are used to provide a first estimation of the user position by
means of a fingerprinting algorithm. Finally, a particle filter combines the information
given by the WiFi positioning system with the filtered INS information. The reported ex-
perimental results show that the root mean square (RMS) error using this technique can
be around 1.5 m.

Wang et al. (2007) propose another pedestrian tracking framework based on particle fil-
ters. In particular, they integrate a WLAN-based indoor positioning system based on
fingerprinting with map information and a low-cost MEMS accelerometer that provides
walking distance estimations using a step counting approach. The localization accuracy
is improved by about 25% with respect to the plain fingerprinting system.

A similar approach was described by Woodman and Harle (2008). In this case, a foot-
mounted inertial unit, a detailed building model, and a particle filter are combined to
provide absolute positioning, despite the presence of drift in the inertial unit and with-
out knowledge of the user’s initial location. A fingerprinting algorithm using WiFi signal
strength is only used to initialize the localization algorithm. The results from their exper-
imental tests show that a user can be tracked throughout a 8725 m2 building spanning
three floors to within 0.5 m 75% of the time, and to within 0.73 m 95% of the time.

A different approach was proposed by Coronel et al. (2008). In the previous cases, the in-
ertial measurements were used to provide distance information through a step counting
algorithm. Conversely, the inertial navigation system in Coronel et al. (2008) provides
position estimates coming from the integration of the INS measurements. To avoid the
inherent drift of these systems, they combine these position estimates with those pro-
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vided by a RSS-based channel modeling localization system implemented on a wireless
sensor network. A Kalman filter with forward/backward smoothing is used to combine
the position estimates provided by both systems. Experimental results on a moving cart
show considerable improvements in accuracy of the location estimates, however, this ap-
proach would probably not be valid for pedestrian tracking, as the direct integration of
inertial measurements would yield high positioning errors.

6.2 RSS-based and PDR localization errors

RSS-based localization and pedestrian dead reckoning have different performance char-
acteristics that may be enhanced when the two techniques are fused. On the one hand,
RSS-based localization systems provide position estimates of a mobile node at given in-
stants of time, with an accuracy that only depends on the characteristics of the environ-
ment and the positions of the nodes in the network. On the other hand, inertial naviga-
tion systems provide continuous position estimates, but their accuracy quickly degrades
with time due to the bias and noise of the inertial sensors measurements.

The common approach in the related literature to combine these two different localiza-
tion techniques consists of performing RSS-based localization periodically, whilst using
inertial sensors continuously for dead reckoning. Although the measurements provided
by the two localization mechanisms (or the position estimates obtained from them) are
usually combined through some kind of filter (usually, particle filters) to optimize the
localization accuracy, we will consider here a simplified case in which periodical RSS
localization results are used to reset the positions estimated via dead reckoning, i.e. RSS-
based position estimations are periodically used as starting points for the dead reckoning
algorithm.

In general, the final accuracy of the localization will depend on the accuracy of the RSS-
based localization and on the accuracy of the dead reckoning system. Intuitively, the
accuracy of the RSS-based localization will increase with the number of packets used to
obtain an averaged value of the RSS, whereas the accuracy of the dead reckoning system
increases for short integration times, i.e., for short RSS-localization periods. In the fol-
lowing, we propose some simplified models of the localization error for RSS-based and
pedestrian dead reckoning techniques, which will be leveraged to develop the optimal
localization strategy.

6.2.1 RSS localization error

The final localization accuracy using a RSS-based technique will depend on the actual
positioning algorithm that is used. However, assuming that an unbiased estimator is
used to calculate the position, its variance can be bounded by the value of the Cramer-
Rao lower bound (CRLB), which was described in section 3.3.1. Any unbiased estimator
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of the position will have a variance equal to or greater than the CRLB. The positioning
techniques studied in chapter 5 were also seen to have a greater variance (see figure
5.4(a)). Therefore, we will take the CRLB as a reference to be independent of the particular
positioning algorithm.

The Cramer-Rao lower bound for the localization error with RSS measurements (assum-
ing the log-normal channel model) was given by (3.20), which we repeat here for conve-
nience:

σ
2
crlb = E[(x̂− x)2 +(ŷ− y)2]≥ 1

b
∑

M
i=1 d−2

i

∑
M−1
i=1 ∑

M
j=i+1

(
d⊥i jdi j

d2
i d2

j

)2 (6.11)

In this expression (x, y) indicates the unknown position of the mobile node, M the number
of reference nodes, di the distance between the mobile node and reference node i, di j the
distance between reference nodes i and j and d⊥i j the shortest distance from the mobile
node to the line segment connecting nodes i and j. The value of b is given by the following
expression:

b =
(

10η

σRSSe f f ln10

)2

(6.12)

where η is the pathloss exponent and σRSSe f f the standard deviation of the RSS mea-
surements. If the average RSS value from n packets is used to perform each localization,
σRSSe f f = σ/

√
n, where σ is the standard deviation due to shadowing in the log-normal

model (3.3).

As a result, the accuracy of the RSS-based localization depends on the position of the
reference nodes, the position of the mobile node, the channel parameters η and σ and the
number n of packets used to obtain the RSS measurement.

In practice, we are interested in the average value of σcrlb over the area of interest. This
way, we will have an approximate estimation of the localization error independently of
the position of the nodes. In order to find an approximate expression, we evaluated σcrlb

for different realizations of M randomly distributed nodes inside the coverage area of
a node (a circular area with radius r and area S = πr2 m2). This topology was chosen
because in real situations the mobile node will only use the RSS measurements of the
packets coming from the reference nodes inside its coverage area (and not from all the
reference nodes), therefore, from the mobile node viewpoint, the network topology is
approximately that. We found that the following model:

σ̄crlb '
σ

η
√

n
a
√

SMb. (6.13)

fits quite well to the theoretical average value of σcrlb for a = 0.34 and b = −0.84. The
intuition behind this expression comes from the fact that for a given number of reference
nodes, the CRLB should increase with the size (proportionally to the square root of the
area, due to dimensionality reasons) and that for a given area, the CRLB should dimin-
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ish when more reference nodes are added (therefore, we expect a Mb-type trend, with a
negative value of b).

For the extreme case of 3 reference nodes in a 50m-radius coverage area the difference
between the real and the approximated value of σcrlb is 0.58 m. For more realistic param-
eters, the deviation is even lower (see figure 6.2). For example for 4 or more reference
nodes in the area the difference only reaches 0.14 m in the worst case. Therefore, this
expression can be used as an approximate lower bound of the localization error.
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Figure 6.2: Difference between the approximated CRLB and the real average value of the CRLB for a
topology with M reference nodes randomly distributed inside the coverage area (circular with radius r) of a
node.

6.2.2 PDR localization error

As previously said, dead reckoning consists of estimating the trajectory of an object by
continuously adding its movements from a given starting point. The main disadvan-
tage of using inertial sensors for dead reckoning is that the integration of their drift and
noise results in errors that accumulate quickly. The errors are even bigger for pedestrian
dead reckoning, i.e., when the object to be tracked is a person, as the inertial sensors are
attached to the body and therefore may move during walk.

In order to track the position of a user using inertial sensors (accelerometers and gyro-
scopes) two approaches are usually considered. The first approach consists of directly
integrating their measurements (acceleration and gyro rate), as in inertial navigation sys-
tems. The second approach consists of counting the number of steps and multiplying by
the step size. In the following we describe both approaches and model their errors in the
estimated position.

First approach: Measurement integration

The first approach consists of directly integrating the measurements of the accelerometers
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and gyroscopes, as in inertial navigation systems. The procedure is the following:

• Gyro rate is integrated once to obtain the orientation of the sensor (the initial orien-
tation should be known)

• Acceleration is converted from the BODY reference system (in which all the mea-
surements are taken) to a NAVIGATION reference system, for example, the NED
(North-East-Down) system

• The gravity is subtracted in the Down axis

• Resulting acceleration is integrated twice to obtain the position (the initial position
and speed are needed)

This approach results in increasing errors due to accelerometer and gyroscope noise and
bias and, in practice, cannot be used alone for long periods of time. The main error
contributions are the following (Woodman and Harle, 2008):

• Accelerometer noise produces an error in the position whose RMS value increases
with t1.5

σx =
1
2

σd√
fs

t1.5 (6.14)

where fs is the sampling frequency and σd the standard deviation of the accelerom-
eter noise.

• Accelerometer bias, when double integrated, produces a position error that grows
with t2

δx =
1
2

At2 (6.15)

where A is the accelerometer bias.

• Gyroscope bias produces a position error that grows with t3

δx =
1
6

aBt3 (6.16)

where B is the gyroscope bias and a the acceleration that affects the sensor (typically,
the acceleration due to gravity g).

In general, the contribution due to the gyroscope bias has the greatest effect. Some ad-
ditional information can be used to correct the drift with integration time. For example,
one popular way to perform pedestrian dead reckoning is to use foot-mounted sensors
and combine inertial measurement integration with zero-velocity updates Woodman and
Harle (2008). The integration is only performed during the swing phase of walking and,
at every step, the speed is reset to zero when the inertial sensors are static (when the
feet touches the ground), therefore, velocity errors are removed at every step. To obtain
maximum benefit from the zero velocity updates the inertial measurements should be as
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close to the ground as possible.

Second approach: Step counting

An alternative approach consists of making use of walk dynamics contained in the ac-
celerometer signals such as frequency, maximum/minimum amplitude, etc. to measure
the walked distance by counting the number of steps and multiplying by the average step
length. A common algorithm for step counting is peak detection in the vertical accelera-
tion signal. On the other hand, the step length can be estimated from the amplitude of the
signal or from the step frequency Woodman and Harle (2008). Gyroscope measurements
can be also combined with these distance estimations to also provide orientation infor-
mation. This kind of approach is valid for waist-mounted sensors and has been often
used to track the position of people in indoor environments. Experimental results show
that the position error grows with the traveled distance d Fang et al. (2005); Beauregard
and Haas (2006); Ladetto (2000); Ladetto and Merminod (2002):

δd = p∆d = p∆

∫ t0+t

t0
v(τ)dτ (6.17)

where the reported values of p range between 1% and 10%.

The step counting approach is simpler and more flexible than the measurement integra-
tion approach when tracking a person (for example, a patient or a doctor in a hospital),
as the sensors can be attached to the belt, or placed inside a pocket, whereas the mea-
surement integration approach for pedestrian tracking requires the uses of zero velocity
updates, which are only effective if the sensors are close to the ground. In the case of
object tracking (for example, medical machines that are moved from room to room inside
the hospital), the measurement integration should be used instead.

6.2.3 Joint localization error

In the reference system, the RSS-based localization is done periodically and inertial sen-
sors are used between consecutive RSS-localizations to track the position of the user. The
total localization error will have two contributions, one due to the RSS-localization and
the other due to PDR-localization:

RMSE2(t) = RMSE2
RSS +RMSE2

PDR(t) (6.18)

where t is the elapsed time from the last localization reset.

The RSS-localization error does not depend on the time t, only on the positions of the
nodes and on the characteristics of the channel. In order to simplify this term, we can
use the approximate equation described in section 6.2.1, which depends on the number
of reference nodes and the size of the deployment area.
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The PDR-localization error depends on the integration time t (the time elapsed since the
last localization reset), either for the measurement integration approach or for the step
counting approach (as the traveled distance grows with time). In any case, the highest
value of the PDR-localization error appears at the end of the integration time, i.e. at the
end of each RSS localization period (i.e. when t = T ). At this moment, the RMS error can
be written as:

RMSE(n,T )2 '
(

σ

η
√

n
a
√

SMb
)2

+(p∆v∆T )2 (6.19)

if the step-counting error model is used (assuming that that the speed remains constant
during the localization interval). On the other hand, if the integration error model is
used, we can write the RMS error at the end of the localization interval as:

RMSE(T )2 '
(

σ

η
√

n
a
√

SMb
)2

+
(

1
2

σd√
fs

T 1.5
)2

+
(

1
2

AT 2
)2

+
(

1
6

aBT 3
)2

(6.20)

Therefore, two parameters can be modified to obtain a desired localization accuracy: n
and T . On the one hand, increasing the number of packets used to average the RSS will
diminish the RSS localization error. On the other hand, diminishing the localization pe-
riod T will diminish the PDR localization error. Thus, fixing a desired value for the RMS
localization error (RSS+PDR) at the end of the localization interval (fixing RMSE(T )2)
yields a relationship between n and T . Clearly, the different combinations n-T will have
a different energy consumption (the energy consumption increases with n and dimin-
ishes with T ), so it would be interesting to find a method that calculates the optimum n-T
values that could be implemented on WSN devices.

6.3 Energy consumption

We have already mentioned in this thesis that the energy consumption due to the local-
ization process has two fundamental contributions. The first contribution is due to the
communication burden needed to collect and transport the RSS measurements. The sec-
ond contribution is due to the processing operations inside the nodes required to execute
the localization algorithm. In hybrid RSS+PDR localization systems another contribution
is added due to the use of the inertial sensors.

We are interested in minimizing the energy consumption at the mobile nodes, as they are
battery-supplied.

6.3.1 Energy consumption due to RSS-based localization

The energy consumption due to RSS-based localization depends on how the message ex-
change is performed. Whereas the PDR is normally performed by the mobile node (oth-
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erwise, inertial measurements should be sent over the radio), the RSS localization can be
done either at the mobile node or at a central processor. In the first case, the mobile node
takes the RSS measurements from the beacons sent by the reference nodes, whereas in the
second case, both the mobile and the reference nodes can take these measurements (from
the beacons sent by the reference or the mobile node, respectively), in order to send them
to the central node. Both the radio energy consumption and the energy consumption due
to the processing operations are different depending on the strategy that is used. In the
following we analyze the energy consumption of these three different cases:

RSS-localization at the mobile node

In this scenario, the fixed reference nodes transmit beacons periodically and the mobile
node measures the RSS from the received packets. For a single localization the mobile
node averages the RSS values of n packets, each group coming from a total of m neighbor
reference nodes. Then, it estimates its own position using these m averaged RSS val-
ues. Taking this estimated position as a starting point, the mobile node tracks its own
trajectory with the inertial sensors for a time T , after which a new RSS-localization is per-
formed and the whole procedure is repeated. In this scenario the position information
remains at the mobile node. Therefore, if we want to communicate the position informa-
tion to the central processor, the mobile node has to send periodically (with a period Tn) a
message. Furthermore, if the value of T is calculated online by the mobile node to adjust
to its mobility characteristics, an extra packet has to be sent to the reference nodes, so that
they can modify the beaconing frequency accordingly.

The energy consumption over a time interval Ttot (Ttot >> T and Ttot >> Tn) in this case
will be:

ElocRSS = Eradio +EprocRSS = ERXbeacon +ET Xt +ET X pos +EprocRSS =

=
Ttot

T
(VccIRX nTb)+

Ttot

T
(VccIT X tT )+

Ttot

Tn
(VccIT X tp)+EprocRSS

(6.21)

where Eradio is the energy consumption due to the radio communications, EprocRSS is the
energy consumption due to the processing of the localization algorithm in the mobile
node (which depends on the particular algorithm that is used), Ttot is the interval in which
we want to calculate the energy consumption, T is the RSS-localization period, Tn is the
notification period, Vcc is the voltage supply, IT X and IRX are the current consumptions
at transmission and reception, Tb is the beacon period, tT is the duration of the packet
carrying the information about the localization period and tp is the duration of the posi-
tion information packet. We have supposed that the mobile node has to be listening (in
reception mode) during n beacon periods in order to receive n beacon packets from its m
neighbor reference nodes. However, if the nodes of the networks were synchronized, the
reception time could be reduced. Ideally, if a perfect synchronization exists, the reception
time is equal to the duration of the received packets. In our case, the time required to
receive n packets from m neighbor reference nodes would be nmtb, where tb is the dura-

166



6.3 Energy consumption

tion of the beacon message. Therefore, for a perfectly synchronized network, the energy
consumption due to the RSS-based localization performed at the mobile node would be:

ElocRSS = Eradio +EprocRSS = ERXbeacon +ET Xt +ET X pos +EprocRSS =

=
Ttot

T
(VccIRX nmtb)+

Ttot

T
(VccIT X tT )+

Ttot

Tn
(VccIT X tp)+EprocRSS

(6.22)

RSS-localization at the central node with RSS measurement at the mobile node

In this scenario, the mobile node performs the RSS measurements, but sends the mea-
sured information to the central node, which performs the localization. As in scenario
1) the fixed reference nodes transmit beacons periodically and the mobile node measures
the RSS from the received packets. For a single localization the mobile node averages the
RSS values of groups of n packets, each group coming from a total of m neighbor reference
nodes. Then, it sends a message to the central node containing this RSS information. The
central node estimates the position of the mobile node using these messages and sends
back to the mobile node a message with the calculated position. Taking this position as
a starting point, the mobile node tracks its own trajectory with the inertial sensors for
a time T , after which a new RSS-localization is performed and the whole procedure is
repeated. In this scenario the position information between two consecutive RSS-based
localization remains at the mobile node, therefore, the mobile node may send periodi-
cally (with a period Tn < T ) a message with its position to the central node. Again, if
the value of T is variable, an extra packet with its calculated value has to be sent to the
reference nodes.

The energy consumption for a non-synchronized network over a time interval Ttot (Ttot >>

T and Ttot >> Tn) in this case will be:

ElocRSS = Eradio = ERXbeacon +ET Xrss +ERX pos +ET Xt +ET X pos =

=
Ttot

T
(VccIRX nTb)+

Ttot

T
(VccIT X tr)+

Ttot

T
(VccIRX (tp + twait))+

+
Ttot

T
(VccIT X tT )+

Ttot

Tn
(VccIT X tp)

(6.23)

where Tb is the beacon period, tr is the duration of the RSS packet, tp is the duration of the
position information packet and twait is the time during which the mobile node remains
in reception mode in order to receive the position packet (time that the RSS packet needs
to reach the central node, plus processing time at the central node, plus time that the
position packet needs to reach the mobile node). For a perfectly synchronized network,
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the reception times are equal to the duration of the received messages, thus:

ElocRSS = Eradio = ERXbeacon +ET Xrss +ERX pos +ET Xt +ET X pos =

=
Ttot

T
(VccIRX nmtb)+

Ttot

T
(VccIT X tr)+

Ttot

T
(VccIRX tp)+

+
Ttot

T
(VccIT X tT )+

Ttot

Tn
(VccIT X tp)

(6.24)

As we can see, the radio energy consumption in this scenario is greater than in scenario
1), as there is some energy consumption caused by sending the RSS packet to the central
node and sending the position information back to the mobile node. However, the lo-
calization algorithm is performed in the central node, allowing the use of more complex
(and more accurate) algorithms and reducing the computational cost at the mobile node,
and thus, the energy consumption due to processing operations.

RSS-localization at the central node with RSS measurement at the reference nodes

In contrast to scenarios 1) and 2), in this scenario the RSS-based localization is performed
uplink: the mobile node broadcasts the beacons and the reference nodes inside its cover-
age area measure the RSS of these beacons and send these measurements to the central
node, which performs the localization. For a single RSS-localization the mobile node
sends n beacons and a total of m neighbor reference nodes will measure their RSS and
send it to the central node. The central node estimates the position of the mobile node
using these messages and sends back to the mobile node a message with the calculated
position. Taking this position as a starting point, the mobile node tracks its own trajectory
with the inertial sensors for a time T , after which a new RSS-localization is performed
and the whole procedure is repeated. As in scenario 2) the position information between
two consecutive RSS-based localization remains at the mobile node, therefore, the mo-
bile node may send periodically (with a period Tn < T ) a message with its position to the
central node.

The energy consumption over a time interval Ttot � T for a non synchronized network
will be:

ElocRSS = Eradio = ET Xbeacon +ERX pos +ET X pos =

=
Ttot

T
(VccIT X ntb)+

Ttot

T
(VccIRX (tp + twait))+

Ttot

Tn
(VccIT X tp)

(6.25)

where Vcc is the voltage supply, IT X and IRX are the current consumptions in transmission
and reception modes, tb is the duration of a beacon, tp is the duration of the position in-
formation packet and twait is the time during which the mobile node remains in reception
mode in order to receive the position packet. For a perfectly synchronized network we
would have:

ElocRSS = Eradio = ET Xbeacon +ERX pos +ET X pos =

=
Ttot

T
(VccIT X ntb)+

Ttot

T
(VccIRX tp)+

Ttot

Tn
(VccIT X tp)

(6.26)
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Note that, for non synchronized networks, the energy consumption due to the beacons
is much lower than in scenarios 1) and 2), as in these last cases the mobile node should
be listening (in reception mode) during n beacon periods (Tb � tb) in order to receive n
beacon packets from its m neighbor reference nodes. Furthermore, as the localization is
performed at the central node, the energy consumption due to processing operations is
reduced with respect to strategy 1).

As reference, Table 6.1 summarizes the values of the parameters affecting the radio con-
sumption for a particular localization system composed of MicaZ and Shimmer2 motes
(both based on the CC2420 radio) that we deployed for the evaluation of the strategy
proposed in this chapter.

Table 6.1: Values of the radio consumption parameters in our system.

Vcc 3 V

IT X 17.4 mA

IRX 19.7 mA

Data rate 250 kbps

Tb 200 ms

tb 14 bytes = 0.448 ms

tp 24 bytes = 0.768 ms

tT 16 bytes = 0.512 ms

tr 20+3m bytes = 0.640+0.096m ms

6.3.2 Energy consumption due to PDR localization

In order to perform PDR, the inertial sensors should be active during all the localization
period. Some sensors (as the accelerometers of the Shimmer motes) include a SLEEP
mode and they can programmed so that they go to sleep after each sample. In this case,
the current consumption can be calculated as:

I = ION
TON

Ts
+ ISLEEP

Ts−TON

Ts
(6.27)

where TON is the time that the sensor needs to wake up and take one sample, Ts is the sam-
pling period and ION and ISLEEP the current consumptions in the ON and SLEEP modes
respectively. Other sensors (as the gyroscopes of the Shimmer motes) do not include
a SLEEP mode, so their current consumption is constant and can be directly obtained
from the datasheet. In any case, the energy consumption due to the inertial sensors in an
interval Ttot >> Ts can be calculated as:

Esens = VccITtot (6.28)
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On the other hand, PDR requires to perform some processing operations at the mobile
node in order to transform the inertial measurements into position estimations. These
operations contribute to the energy consumption due to PDR:

ElocPDR = Esens +EprocPDR = VccITtot +EprocPDR (6.29)

where EprocPDR is the energy consumption due to the processing of the PDR algorithm
(which depends on the particular algorithm that is used).

Table 6.2 shows the consumption characteristics of the Shimmer inertial sensors (the
Freescale Semiconductor MMA7260Q accelerometer and the InvenSense IDG300 gyro-
scope), which we took as a reference.

Table 6.2: Consumption characteristics of the Shimmer inertial sensors.

TON 0.5 ms (typ) - 2 ms (max)

Accelerometer ION 500 µA

ISLEEP 3 µA

Gyroscope I 9.5 mA

6.3.3 Total energy consumption

The total energy consumption during a time Ttot can be written as:

E = Eradio +EprocRSS +Esens +EprocPDR =

=
Ttot

T
f (n)+

Ttot

Tn
(VccIT X tT X p)+VccITtot +EprocRSS +EprocPDR

(6.30)

Note that we have distinguished two contributions due to the radio communications.
The first one, that depends on the localization interval T and the number of packets n
that are used to measure the RSS, is different for each of the three scenarios. For non
synchronized networks (see (6.21), (6.23) and (6.25)):

f1(n) = VccIRX nTb +VccIT X tT (6.31)

f2(n) = VccIRX nTb +VccIT X tr +VccIRX(tp + twait)+VccIT X tT (6.32)

f3(n) = VccIT X ntb +VccIRX(tp + twait) (6.33)

And for perfectly synchronized networks (see (6.22), (6.24) and (6.26)):

f1(n) = VccIRX nmtb +VccIT X tT (6.34)
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f2(n) = VccIRX nmtb +VccIT X tr +VccIRX tp +VccIT X tT (6.35)

f3(n) = VccIT X ntb +VccIRX tp (6.36)

The second radio term, which takes into account the notification of the position to the cen-
tral node, is common for the three scenarios and does not depend on the values of n and
T . On the other hand, note that the energy consumption due to the use of inertial sensors
and the processing operations is also independent of the values of n and T . Therefore,
these terms will not have any effect in the minimization of the energy consumption.

Fig. 6.3 shows an example of the energy consumption due to the term depending on
n and T , in particular, the value of f (n) is represented. The consumption of the three
strategies is represented for two opposite cases: a network without a synchronization
mechanism, in which we have set twait = 300 ms, and a perfectly synchronized network.
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Figure 6.3: Comparison of the energy consumption of the three message exchange strategies.

It can be seen that the third strategy has a lower consumption in most cases, only the
first is better for non synchronized networks and low values of n (in the example, for n
= 1, but if twait is higher or some other consumption parameter change, other values of n
may also work better with the first strategy). However, if the total energy consumption
is considered, the energy consumption due to processing EprocRSS should be added to the
first strategy (EprocRSS = 0 for the second and the third strategies). Taking this contribution
into account, the third strategy seems to be the most energy efficient.

6.4 Proposed strategy

As we explained previously, increasing the number of RSS measurements n that are av-
eraged for each radio-localization will diminish the RSS localization error. On the other
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hand, diminishing the localization period T will diminish the PDR localization error.
Hence, in order to achieve a given localization accuracy, we can either modify n, or T or
both. As this two variables also have an impact on the energy consumption, we propose
to find the combination n-T that yields a lower energy consumption. The objective is to
minimize the energy consumption at the mobile node while, at the same time, maintain-
ing a certain degree of accuracy in the localization result. Therefore, the optimization
problem can be written as:

min E(n,T ) =
1
T

∆ f (n)

s.t.


RMSE(n,T )≤ Acc

Tmin ≤ T ≤ Tmax

n≥ 1

(6.37)

where Tmin and Tmax are the minimum and maximum values allowed for the localization
period, Acc is the desired accuracy we would like to achieve and RMSE can be calcu-
lated according to (6.19) or (6.20), depending on which PDR approach is used. Note that
we have decided to impose as a constraint that the expected accuracy at the end of each
localization interval does not exceed a given value, but other constraints could be reason-
able depending on the application (for example, fixing the average value over time of the
expected accuracy).

6.5 Performance evaluation

In this section we evaluate the performance of the proposed technique in terms of en-
ergy efficiency and accuracy of the localization results through detailed simulation. We
compare these results with those obtained with different strategies aimed at reducing the
energy consumption during the localization. Namely, the strategies adopted for compar-
ison are:

• Periodic localization (Tilak et al., 2004, 2005; Lin et al., 2006; You et al., 2006): This is
the most common localization strategy and consists in performing the RSS localiza-
tion with a fixed frequency, established at the beginning of the network operation
equal to the maximum localization error divided by the maximum expected speed.
No inertial sensors are used to perform PDR. The positioning error between two
consecutive localizations increases with the movement of the node, as the node is
considered to be located at the position of the last localization.

• Periodic localization + PDR: RSS localization is performed periodically, but inertial
sensors are used to perform PDR and reduce the localization error between RSS lo-
calizations. The positioning error between two consecutive localizations is reduced
with respect to the previous strategy, as the node is tracked by the inertial sensors,
but on the other hand, energy consumption increases due to the use of the sensors.
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• Localization period controlled by mobile speed: The idea of these methods is to
modify the frequency of the RSS localization depending on the speed of the mobile
node. The objective is to put an upper bound in the distance that the node can
travel without updating its position: dmax = vT , so that the localization period can
be obtained as T = dmax/v. When a RSS localization is finished, the next one will be
scheduled for T seconds later. The speed of the mobile node can be calculated in
different ways:

– RSS-estimated speed (Tilak et al., 2004, 2005; Lin et al., 2006; You et al., 2006):
Speed is estimated from the two previous localizations and the time that has
elapsed between them. This method does not require the use of inertial sen-
sors, as the first strategy (periodic localization), but has the advantage that
the localization period is adaptive, which will reduce the energy consumption
when the node is moving slowly.

– RSS-estimated speed + mobility prediction (Lin et al., 2006; You et al., 2006): It is
a modification of the previous strategy that includes inertial sensors to detect
if the node is moving or not. The previous strategy is not very accurate due
to errors in the RSS localizations. Therefore, when the node does not move,
the estimated speed can be different than 0. This method adds accelerome-
ters to detect if the node is moving or not. If it is fixed, the localization pe-
riod will be set at a maximum value. If it is moving, the previous strategy is
used. This method reduces the radio energy consumption when the node is
at a fixed position, but increases the energy consumption due to the use of the
accelerometers.

– Measured speed (You et al., 2008): Speed is measured with the inertial sensors.
As inertial measurements need to be integrated to calculate the speed, the PDR
estimations can be used between two consecutive RSS localizations to reduce
the error.

• Localization period controlled by PDR accuracy (Tilak et al., 2004, 2005): The idea
of this method is to use the inertial sensors to track the position of the mobile node
between RSS localizations and modify the frequency of the RSS localization de-
pending on the accuracy of the PDR. When a new RSS localization is obtained, the
PDR position is compared with that of the RSS (which is supposed to be accurate).
If the two positions are similar, the PDR is assumed to be performing well, so the
localization period is increased. Otherwise, the localization period is reduced. The
main problem of this method is that when the RSS localization is not very accurate,
comparing the PDR result with that of the RSS is not a good option to determine
the accuracy of the PDR.

• Proposed method: using the optimum values of T and n: This strategy tries to de-
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termine the optimum values of T and n that achieve a given accuracy in the local-
ization results while minimizing the energy consumption. To obtain these values,
the optimization problem described in section 6.4 is solved. Note that if the mea-
surement integration model is used for the PDR accuracy, the optimum values of
T and n will not depend on the movement of the node, so they are calculated once
at the beginning and then a periodic localization + PDR approach is taken. If the
step-counting approach is used, the values of T and n will vary depending on the
mobile speed.

The simulation environment comprises a sensor network composed of M reference nodes
deployed on a rectangular grid covering an area of xmax× xmax m2. Two different move-
ments have been simulated for the mobile node: a uniform circular movement (the mo-
bile follows a circular trajectory with constant speed) and a trajectory generated with the
random waypoint mobility model Camp et al. (2002): The mobile node begins at a given
location for a certain period of time (i.e. a pause time). Once this time expires, the mobile
node chooses a random destination in the simulation area and a speed that is uniformly
distributed between a minimum and a maximum value. The mobile node then travels
towards the new destination at the selected speed. Upon arrival, the mobile node pauses
for a specified time period before starting the process again.

When the simulation starts, the mobile node performs a RSS localization and schedules
the next localization T seconds later. Then it starts moving and the initial localization
result is used as the starting point for the PDR localization, which allows the node to get
continuously an estimate of its position. After T seconds a new RSS localization is per-
formed, which will reset the PDR positioning error, and the procedure will continue. The
localization period T and the number of packets (n) are chosen according to the proper
strategies.

RSS localization is simulated in the following way. The log-normal channel model (3.3) is
used to transform the real distances between the nodes into RSS measurements. Once n
values of the RSS for each mobile-reference node pair are obtained, those RSS values that
are below the sensitivity threshold are discarded and those above the threshold are av-
eraged and used to obtain the distance estimation between the different pairs of nodes.
Finally, these estimated distances and the known positions of the reference nodes are
used to estimate the position of the mobile node using the weighted hyperbolic position-
ing algorithm proposed in chapter 5. The message exchange strategy for the RSS-based
localization is simulated as described in section 6.3.1.

PDR can be simulated using either the measurement integration approach or the step
counting approach. From the simulated trajectory of the node, the real accelerations and
angular rates in the mobile reference system are obtained (with a sampling rate of fs).
Then, for the integration approach, some noise and bias are added to generate the simu-
lated inertial measurements. These measurements are then integrated following the steps
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described in section 6.2.2 to obtain the estimated position. To perform this integration,
the orientation matrix is updated for each new angular velocity sample using (6.3). Then,
the acceleration samples ab = (abx,aby,abz)

T are projected into the navigation reference
frame using this orientation matrix (ag = Cab) and then integrated using equations (6.8)
and (6.9).

On the other hand, for the step counting approach, the steps are simulated by adding a
sinusoid with appropriate frequency and amplitude to the real acceleration of the mobile
node. The frequency of this sinusoid is calculated from the step length l as:

f = v/l (6.38)

where v is the real speed of the node. The amplitude is also calculated from the step
length according to (6.10):

A =
1
2

(
l
K

)4

(6.39)

where K is a constant that we set to 0.45. The step length is known to increase with the
walking speed. In order to have an approximate relation for the simulator, we carried out
a few experiments in which we measured the average step length of a person for different
walking speeds. The relation was found to be approximately linear, with the following
least-square fit:

l = 0.32+0.26v; (6.40)

Therefore, the speed of the mobile node is used to determine both the amplitude and
the frequency of the sinusoid representing the steps. Noise and bias are then added to
generate the simulated inertial measurements. From this signal, the steps were detected
by first smoothing the signal with a low-pass filter and then searching for local maxima
and minima as done in Lee and Mase (2001). Then, the step length is calculated from the
amplitude of the signal as l = K · (Amax−Amin)1/4, where Amax and Amin are the maximum
and minimum vertical acceleration in a single stride and K is a constant that was set to
0.45. The traveled distance is then obtained by multiplying the number of steps by the
step length. On the other hand, the orientation is obtained by integrating the gyroscope
measurements in the vertical axis.

As it can be noticed, in both cases the initial position, speed and orientation are needed
when the PDR is started. After each RSS localization, the PDR is reset using the estimated
position as the initial position. The initial speed and orientation are ideally initialized
with their true values.

In the following figures we present a comparison of the performance of the considered
methods for a simulation environment with M = 9 anchor nodes in a 20× 20 m2 area.
The inertial measurements are affected by acceleration noise (σd = 5.7575 · 10−2 m/s2)
and gyroscope bias (B = 10◦/h) and are taken at a sampling frequency fs = 50 Hz. The
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propagation channel is modeled using the log-normal model, with parameters η = 2.5, σ

= 5 dB and A = -60 dB (coverage radio around 25 m, as the sensitivity was set to S = -95
dBm), and the RSS localization is simulated using the third message exchange strategy
(RSS localization at the central node with RSS measurements at the reference nodes). The
minimum and maximum localization periods were set to 1 s and 30 s respectively for all
the strategies.

Figure 6.4 shows how the proposed strategy adapts the localization period and n de-
pending on the desired accuracy when the integration PDR error model (6.20) is used
(for example, when an object is being tracked). As expected, when the desired accuracy
decreases, T is allowed to be higher and n smaller. The sharp behavior is due to the fact
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Figure 6.4: Values of T and n given by the proposed strategy as a function of the desired accuracy, for the
integration error model.

that n must be an integer, so if n decreases by 1, the accuracy of the RSS-based localization
decreases significantly and, thus, T should be reduced with respect to its previous value
in order to increase the accuracy of the PDR system. Considering that the mobile node
follows a circular trajectory with radius 8 m during 500 s at a speed of 1 m/s, the rela-
tion between the final localization accuracy and the energy consumption of the proposed
strategy is shown in figure 6.5, where the different points where obtained for different
values of the desired accuracy.

On the other hand, if the step-counting error model is used (6.19) (imagine a person is
being tracked), the values of n and T provided by the proposed strategy will depend on
the speed of the mobile node. Figure 6.6 shows how the proposed strategy adapts the
localization period and n depending on the desired accuracy and the estimated speed.
Again, as expected, when the desired accuracy decreases, T is allowed to be higher and n
smaller. On the other hand, when the node is moving faster, T decreases and n increases,
as expected. Considering that the mobile node follows a circular trajectory with radius
8 m during 500 s at a speed of 1 m/s the relation between the final localization accuracy
and the energy consumption of the proposed strategy is shown in figure 6.7, where the
different points where obtained for different values of the desired accuracy.
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Figure 6.5: Error-Consumption curve for the proposed method. Each point was obtained for a different
desired accuracy (from 2 m to 6 m). The average value of n corresponding to each point is also represented,
for the integration error model.
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Figure 6.7: Error-Consumption curve for the proposed method. Each point was obtained for a different
desired accuracy (from 2 m to 6 m), for the step-counting error model.

Figure 6.8 represents the relation between the energy consumption of the radio system
and the average accuracy of the localization for the considered strategies when the inte-
gration PDR error model (6.20) is used (for example, when an object is being tracked).
Different movements of the mobile node were considered (a circular trajectory with ra-
dius 8 m at different speeds, and a trajectory modeled by the random waypoint mobility
model, with minimum and maximum speeds of 0.25 ms/s and 1.5 m/s respectively, and
different maximum pause times). The desired accuracy was set to 3 m. The different
points in the figures were obtained for different values of n. Note that the value of this
parameter determines the accuracy of the radio localization. The proposed strategy cal-
culates its optimum value, together with the localization period, but the other strategies
do not consider that the accuracy of the radio localization can be tuned by changing
this parameter. In practice, these strategies should decide a priori the number of packets
whose RSS should be averaged to get each localization. In this figure we have shown the
accuracy-consumption relation for different values of n in order to highlight the impor-
tance of properly choosing its value: smaller values of n yield in general lower energy
consumption but also lower localization accuracy. Obviously, for the proposed strategy,
as n is calculated automatically, the values of energy consumption and accuracy do not
change.

In the case of the circular movement, the mobile node is always moving, so the strategy
based on RSS-estimated speed + mobility prediction has exactly the same performance as
the one without mobility prediction, therefore, it is not included in the figures. It can be
noticed that for higher mobile speeds, the accuracy of the periodic strategy gets worse,
as the difference between the past localization and the current position is higher when
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(a) Circular trajectory, v = 0.5 m/s
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(b) Random waypoint, tpause = 0 s
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(c) Circular trajectory, v = 1 m/s
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(d) Random waypoint, tpause = 10 s
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(e) Circular trajectory, v = 1.5 m/s
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(f) Random waypoint, tpause = 30 s

Figure 6.8: Error-Consumption curves for different values of n (from 1 to 7), for a maximum desired error
of 3 m.

the mobile node moves quickly. On the other hand, the energy consumption of the two
strategies based on speed estimation (from RSS-based position estimates or from inertial
measurements) increases with the mobile speed, due to the higher localization frequency.
In the extreme case in which the mobile speed is equal to the maximum speed considered
for the application (1.5 m/s in the example), the strategy that uses the inertial sensors to
measure the speed has practically the same performance as the periodic strategy without
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PDR, as expected. The periodic strategy, the one based on the PDR accuracy and the
proposed one are not affected by the mobile speed.

For the random waypoint mobility model, we can observe similar results. In this case,
the strategy based on the estimation of the mobile speed from RSS measurements with
mobility prediction differs from the one without mobility prediction when the pause time
is greater than zero. Increasing the pause time also diminishes the energy consumption
of the strategy that estimated the mobile speed from the inertial measurements, as the
localization will be performed less frequently when the node is not moving.

It can be further seen that the periodic strategies consume much more energy than the
proposed one, even for small values of n, for which the desired localization accuracy is
not even achieved. The same applies to the strategy that adjusts the localization period
from the speed measured by the inertial sensors, although this strategy has in general
a lower energy consumption than the periodic ones, as it adapts the localization period
to the real speed of the mobile node. Finally, the strategies that use previous RSS local-
ization results to adjust the localization period (either by estimating the speed from the
two last localizations, or by taking the RSS-based localization as a reference to determine
the accuracy of the dead reckoning) are greatly affected by the accuracy of the RSS-based
localization: for small values of n, their performance degrades very quickly, giving raise
to an extremely high energy expenditure (corresponding to using the minimum localiza-
tion period). It can be clearly observed that the proposed strategy has the lowest radio
energy consumption. For example, for the circular movement at 1 m/s, the energy con-
sumption of the proposed strategy is 2.5 mJ, whereas the lowest energy consumption for
the PDR-accuracy based method, which is the second best, is more than twice this value
in the best case (5.1 mJ, for n=5). Besides, the proposed method achieves an average final
localization accuracy below the maximum desired error. Therefore, among all the consid-
ered methods, the one proposed in this paper is able to guarantee the desired accuracy
while effectively minimizing the radio energy consumption. Furthermore, the method
establishes automatically the best value of n, so no attention has to paid into tuning this
parameter for an acceptable performance, as it occurs for the rest of the methods.

If a person is being tracked, the PDR localization could be performed following the step-
counting approach. In this case, the relation between the energy consumption of the
radio system and the average accuracy of the localization for the considered strategies is
represented in figure 6.9. Again, the desired accuracy was set to 3 m and the different
points in the figures were obtained for different values of n. Different movements of the
mobile node were considered (a circular trajectory with radius 8 m at different speeds,
and a trajectory modeled by the random waypoint mobility model, with minimum and
maximum speeds of 0.25 ms/s and 1.5 m/s respectively, and different maximum pause
times).

It can be noticed that the relative performance of the considered strategies is quite sim-
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(a) Circular trajectory, v = 0.5 m/s
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(b) Random waypoint, tpause = 0 s
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(c) Circular trajectory, v = 1 m/s
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(d) Random waypoint, tpause = 10 s
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(e) Circular trajectory, v = 1.5 m/s
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(f) Random waypoint, tpause = 30 s

Figure 6.9: Error-Consumption curves for different values of n (from 1 to 7), for a maximum desired error
of 3 m.

ilar to the case of measurement integration: the proposed strategy achieves the desired
accuracy with a low energy consumption, whereas the performance of the other strate-
gies depend on the value of n. The greatest difference with respect to the measurement
integration approach appears in the proposed strategy: the PDR error model in this case
depends on the mobile speed (6.19), in such a way that higher speeds yield lower lo-
calization periods (see figure 6.6), and thus, higher energy consumption. Anyway, the

181



Enhancing RSS-based localization with inertial sensors

energy consumption of the periodic strategies and the strategies based on speed estima-
tion is quite high compared to the proposed one. Only the PDR-accuracy-based strategy
achieves a better performance for certain values of n (that should be carefully chosen,
otherwise the performance could be greatly affected).

The desired maximum error also has an influence in the performance of the different al-
gorithms. Figure 6.10 shows an example for a mobile node following a circular trajectory
at 1 m/s. The figure illustrates the case of a moving object (PDR is performed using the
integration approach, as no step information is contained in the inertial measurements)
and a person walking (PDR is performed using the step-counting approach). When the
desired localization error is very low (less than 3 meters), the methods that use previ-
ous RSS localization results to adjust the localization period are extremely affected by the
value of n, in the way that if the value of n is not enough to make the RSS localization
error smaller than the desired accuracy, these methods lead to a terribly high energy con-
sumption, as they try to reduce the error by increasing the localization frequency, which
in these cases is impossible. Therefore, in order to use these strategies, one should decide
carefully the number of RSS measurements that should be averaged at each localization,
otherwise, the performance of these strategies could be completely unsatisfactory. With
respect to the periodic strategies and the strategy that adjusts the localization period from
the speed measured by the inertial sensors, their energy consumption increases when the
desired maximum error is lower, as expected, but their accuracy does not really adapt
to the desired one, it remains approximately the same for every desired maximum local-
ization error. Finally, the proposed strategy adapts to the desired accuracy by increasing
the energy consumption in such a way that achieves a lower energy consumption that
the other methods while, at the same time, obtains, in average, the desired localization
accuracy.

Other message exchange strategies can be used for the RSS-based localization, as the ones
described in section 6.3.1. Obviously, the radio energy consumption will be affected by
the choice. Tables 6.3 and 6.4 show the energy consumption of the radio system for the
three strategies for a synchronized and a not synchronized network respectively. The
simulation environment was the same as in the previous experiment. The step counting
approach was used with a desired accuracy of 3 m. The values in the tables correspond
to the best choice of n for each of the techniques, that is, the value of n that produces the
minimum energy consumption while guaranteeing the desired accuracy (3 m). For the
periodic techniques and the technique that estimates the speed form the inertial sensors,
the optimum value of n in this scenario was n = 2. For the strategies depending on the
RSS measurements (either by estimating the speed from previous RSS-based position
estimations or by comparing the PDR localization with the RSS-based localization), the
optimum value of n was quite variable.

As expected, the energy consumption is higher in not synchronized networks. Further-
more, it can be noticed that the third packet exchange strategy (RSS-localization at the
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(a) Acc = 2 m, Integration approach
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(b) Acc = 2 m, Step counting approach
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(c) Acc = 3 m, Integration approach

0 5 10 15
0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

Radio Energy consumption (mJ)

A
ve

ra
ge

 lo
ca

liz
at

io
n 

er
ro

r 
(m

)

 

 

Periodic
Periodic + PDR
Variable − estimated speed
Variable − measured speed
Variable − PDR accuracy
Variable − optimum T−n

(d) Acc = 3 m, Step counting approach
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(e) Acc = 5 m, Integration approach
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(f) Acc = 5 m, Step counting approach

Figure 6.10: Error-Consumption curves for different values of n (from 1 to 7), for a circular trajectory at a
speed of 1 m/s.

central node with RSS measurement at the reference nodes) also leads to a lower energy
consumption, although for other network characteristics (for example, for higher values
of twait) the first strategy could be better (see figure 6.3). It can be clearly seen that the pro-
posed strategy is the one with the lowest energy consumption in most of the cases. Only
the strategy based on the PDR accuracy may be better, although the value of n necessary
to obtain its optimal result is quite random, and thus, not easy to choose in practice.
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Table 6.3: Energy consumption for the different packet exchange strategies in a perfectly synchronized
network.

1) 2) 3)

Periodic 26.2 mJ 31.0 mJ 4.7 mJ

Periodic + PDR 26.2 mJ 31.0 mJ 4.7 mJ

Variable: estimated v 23.4 mJ 36.1 mJ 4.2 mJ

Variable: estimated v + mobility 23.4 mJ 36.1 mJ 4.2 mJ

Variable: measured v 20.8 mJ 24.4 mJ 3.7 mJ

Variable: PDR accuracy 17.9 mJ 20.9 mJ 2.5 mJ

Variable: optimum T-n 18.3 mJ 20.2 mJ 2.6 mJ

Table 6.4: Energy consumption for the different packet exchange strategies in a not synchronized network.

twait = 100ms

1) 2) 3)

Periodic 1208 mJ 1514 mJ 306.1 mJ

Periodic + PDR 1208 mJ 1514 mJ 306.1 mJ

Variable: estimated v 1118 mJ 1411 mJ 178.7 mJ

Variable: estimated v + mobility 1118 mJ 1411 mJ 178.7 mJ

Variable: measured v 961.3 mJ 1205 mJ 242.5 mJ

Variable: PDR accuracy 1064 mJ 1055 mJ 89.9 mJ

Variable: optimum T-n 877.8 mJ 983.0 mJ 49.6 mJ

twait = 300ms

1) 2) 3)

Periodic 1208 mJ 2117 mJ 908.9 mJ

Periodic + PDR 1208 mJ 2117 mJ 908.9 mJ

Variable: estimated v 1118 mJ 2010 mJ 514.9 mJ

Variable: estimated v + mobility 1118 mJ 2010 mJ 514.9 mJ

Variable: measured v 961.3 mJ 1668 mJ 723.6 mJ

Variable: PDR accuracy 1064 mJ 1285 mJ 267.3 mJ

Variable: optimum T-n 877.8 mJ 1209 mJ 138.2 mJ

It is worth to point out that we have compared these energy-reducing strategies from the
point of view of the radio energy consumption. However, some of the strategies require
the use of inertial sensors, which introduce an additional source of energy consumption,
while others can work without them. Whereas state-of-the art MEMS accelerometers
have a very low energy consumption and can be turned on and off at the sampling fre-
quency in order to save energy, gyroscopes consume a lot of energy in comparison. Table
6.5 shows the energy consumption due to the radio and the inertial sensors for the en-
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ergy consumption characteristics of the Shimmer mote and its sensor boards (see Table
6.2) in the previous simulation. The radio energy consumption is variable, depending
on the type of network (synchronized or not synchronized), on the message exchange
strategy and on the energy reducing strategy, as seen in tables 6.3 and 6.4. The energy
consumption of the accelerometers is quite low, with the same order of magnitude as the
best-case radio energy consumption (synchronized network with RSS-based localization
performed uplink). Hence, the use of accelerometers do not increase the energy con-
sumption of the localization significatively. On the other hand, it can be seen that the
use of gyroscopes considerably increases the total energy consumption, as their energy
consumption is three orders of magnitude bigger than the best-case radio energy con-
sumption (even for the worst-case radio energy consumption, the gyroscopes consump-
tion is higher). This great difference is mainly due to the fact that the gyroscopes cannot
be turned on and off at the sampling frequency, thus, they are always consuming energy,
even when they are not taking measurements. Therefore, the use of gyroscopes aimed
exclusively at reducing the energy consumption and increasing the accuracy of the local-
ization is not realistic with current equipment, and has to wait until their consumption
performance is at least as good as that of MEMS accelerometers.

Table 6.5: Energy consumption of the different components.

Radio 2.5 mJ - 2117 mJ

Accelerometer 3.1 mJ

Gyroscope 5700 mJ

6.6 Experimental evaluation

In this section we describe the results of some experimental tests that were carried out
to evaluate the accuracy and energy efficiency of the proposed algorithm in a real indoor
environment using a sensor network based on the IEEE 802.15.4 standard.

The experiments were carried out in a 100 m2 office area characterized by non line-of-
sight propagation due to the presence of walls and furniture. M = 9 reference nodes
(MicaZ motes) were deployed at different positions of the testing area and a mobile node
(a Shimmer mote), provided with inertial sensors, was used to obtain RSS and inertial
measurements. The mobile node was mounted on the waist of several users, who fol-
lowed a predefined trajectory at different speeds. Figure 6.11 shows the deployment area
with the position of the reference nodes and the trajectory of the user (the user started to
walk at the bottom-left corner, then made a right 90-degree turn and continued till the
end of the room, where he stopped, made a left 180-degree turn and followed the same
trajectory towards the starting point). The inertial sensors were programmed with a sam-
pling rate of 50 Hz, and RSS beacons were sent every 200 ms, in order to have enough RSS
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measurements to test all the considered strategies. The RSS measurements and the iner-
tial data were saved in a SD card on the Shimmer mote, together with a synchronization
signal to mark the real position of the user. This information was then processed offline
in order to evaluate the resulting localization accuracy and energy consumption using
the previously considered energy-saving strategies. The RSS-based localization and the
PDR (using the step counting approach) were done as explained in section 6.5.
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Figure 6.11: Deployment area of the RSS+PDR localization experiment.

Table 6.6 presents a comparison of the performance of the considered methods for sev-
eral experiments, where it can be seen that the proposed strategy has a quite good per-
formance. The values in the table correspond to the best choice of n for each of the tech-
niques, that is, the value of n that produces the minimum energy consumption while
guaranteeing the desired accuracy for that experiment (for the periodic strategies and
the strategy based on estimating the speed from inertial measurements, the optimum
value was n = 1, but for the strategies depending on the RSS-based estimated positions
the optimum value of n was different in each experiment). If the desired accuracy was
not achieved for any value of n, a - is shown. Although these results come from sin-
gle realizations of short-time experiments and, therefore, cannot be taken as a general
evaluation, these examples together with the results obtained by simulation are quite en-
couraging. Based on these results, we can state that the proposed strategy would lead to
energy savings, in comparison with the other strategies, when applied for long periods
of time.

6.7 Conclusions and future work

In this chapter we have proposed a strategy for combined RSS-PDR localization systems
that jointly optimizes the localization frequency and the number of radio measurements
at each localization period with the aim of minimizing the energy consumption while
achieving a desired accuracy in the localization results. The numerical and experimental
evaluations have shown a good performance of the proposed approach in comparison
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Table 6.6: Energy consumption (in mJ) for the different strategies in different experiments.

Experiment 1 2 3 4 5 6 7 8 9 10

Periodic 1.37 1.03 0.83 0.69 0.76 0.48 0.89 0.69 0.55 0.48

Periodic + PDR 1.37 1.03 0.83 0.69 0.76 0.48 0.89 0.69 0.55 0.48

Variable: estimated v - 0.69 0.55 0.28 1.25 0.14 - 0.55 0.56 0.14

Variable: estimated v + mobility - 0.69 0.55 0.28 1.25 0.14 - 0.55 0.56 0.14

Variable: measured v - - 0.69 0.34 0.62 0.27 0.48 0.55 0.41 0.34

Variable: PDR accuracy 1.79 1.24 1.03 0.41 0.76 0.34 0.69 0.55 0.41 0.34

Variable: optimum T-n 1.22 0.62 0.55 0.41 0.53 0.21 0.81 0.41 0.27 0.27

with other approaches available in the literature, since it is able to guarantee an average
final localization accuracy below the maximum desired error while effectively minimiz-
ing the radio energy consumption. Besides, the method establishes automatically the
best value of n, so no attention has to paid into tuning this parameter for an acceptable
performance, as it occurs for other strategies.

As the research work presented in this chapter is still ongoing, several improvements
to the proposed strategy are to be done. First, the performance of the proposed strate-
gies could be improved by using more accurate models of the localization errors. On the
one hand, we have used an approximation of the Cramer-Rao lower bound to model the
RSS positioning error. This is a best-case approach, as in general, a position estimator
will produce localization results with higher variance. Furthermore, the results will de-
pend on the particular positioning algorithm that is used. Therefore, an interesting future
work would be to characterize the localization error of different positioning algorithms
and extract practical models (depending on a few variables, such as the number of ref-
erence nodes, the coverage area of the nodes, the channel parameters, etc.) to be used
in the proposed optimization framework. On the other hand, the dead reckoning error
models could be also improved. We have used a theoretical model for the case of mea-
surement integration, that works well for simulated data. However, some experimental
tests should be carried out to check the validity of this model in real-field situations, oth-
erwise, alternative models should be found. Regarding the step-counting approach, the
proposed error model, extracted from reported experimental tests, should be further in-
vestigated, as the numerical and experimental evaluation has shown that it is not very
accurate.

Secondly, future work should also address the extension of the proposed approach to
more complex RSS-PDR localization systems, such as those combining RSS and inertial
measurements through particle filters, which is the approach that is usually chosen in
practice. To this end, the models of the localization error should be substituted by an
unique model that takes into account the variation of the filtered localization error with
time, which is expected to depend also on the frequency of the RSS-based localization.
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Enhancing RSS-based localization with inertial sensors

The integration of the transmission power in the optimization framework could also be
addressed. To this end, the ideas presented in chapter 4 should be used, i.e., transmis-
sion losses should be taken into account to calculate the number of messages and their
power that need to be transmitted in order to receive the required number of localization
packets.

Finally, we are planning to incorporate orientation and speed resets through practical
approaches, as using GPS (outdoors) or magnetometers (indoors).
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CHAPTER7

CONCLUSIONS AND FUTURE

RESEARCH DIRECTIONS

In this thesis we have studied and proposed a set of energy-efficient localization methods
and techniques for wireless sensor networks. We have considered two main goals in the
design of the localization algorithms:

• improving or guaranteeing the accuracy of the localization results

• minimizing the energy consumption during the localization

Both objectives are important for sensor network applications. On the one hand, the
accuracy of the localization determines if a given localization system is suitable for a
particular application. On the other hand, the energy consumption determines the life-
time of the nodes, which is specially important in wireless devices carried by a person, as
they are typically battery operated in order to facilitate the subject’s mobility. However,
these two objectives are somewhat conflicting. Generally speaking, a higher precision
in the localization calls for higher energy consumption and, vice versa, lower energy
consumption leads to poorer localization results. Therefore, the joint optimization of
accuracy and consumption is not trivial, and optimal tradeoff solutions must be sought
consequently.

With this idea in mind, we have targeted the study and design of precise localization
methods with low energy consumption. We have focused on channel modeling localiza-
tion techniques based on the measurement of the received signal strength. First, because
RSS-based approaches can be easily deployed using off-the-shelf devices and, second, be-
cause compared to fingerprinting strategies, channel modeling techniques are more flex-
ible, have a lower deployment cost and can be used in a broader range of applications.
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We have identified two different sources of energy consumption during the localization
process:

• the message exchange between the nodes of the network, necessary to obtain the
radio measurements (for example, the RSS) which are required to perform the lo-
calization

• the processing operations, necessary to calculate the position of the nodes from the
collected radio measurements

Both contributions have an influence on the total energy that is consumed during the lo-
calization, and have been considered in this thesis to design energy-efficient localization
techniques.

Reducing the communication load is an effective way to reduce the energy consumption
of the localization, as the radio system is one of the most energy demanding parts of a
sensor node. Within this field, energy consumption can be reduced by either reducing
the transmission power or by reducing the amount of time that the nodes are communi-
cating (for example, reducing the number of messages that are transmitted or received
by the sensor nodes for a single localization); however, any of these strategies will also
affect the localization accuracy. We have proposed to jointly optimize these two variables
in order to find a transmission strategy that minimizes the energy consumption due to
the localization message exchange while achieving at the same time a target accuracy in
the distance estimations. We have proved through numerical simulations that this joint
optimization effectively allows a reduction in the energy consumption, while the desired
accuracy is guaranteed. The fundamental idea behind this scheme is that in order to ob-
tain a certain accuracy in the localization result, the measurements taken between the
nodes also need to have a particular accuracy, and this can be obtained by averaging a
series of measurements collected during a given temporal interval. This same idea can be
used to minimize the radio energy consumption and achieve a desired accuracy in hybrid
localization systems combining RSS-based localization with other localization technolo-
gies, such as dead reckoning. In particular, for the case of dead reckoning techniques, we
have proposed to jointly optimize the number of RSS measurements collected for a single
localization and the localization frequency, which both have an impact on the accuracy
and the energy consumption. We have proved that with this joint optimization the en-
ergy consumption due to the localization message exchange can be effectively reduced
while maintaining a given accuracy in the final localization results.

Reducing the computational complexity of the localization algorithms will also con-
tribute to reduce the global energy consumption. In the considered channel modeling
approach, the positioning algorithms calculate the position of the mobile nodes from a
set of distance estimations obtained from the radio measurements. In general, each al-
gorithm is suitable for a particular type of application (high/low accuracy requirements,
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strong/weak energy consumption constraints, number of nodes in the network, etc.). We
have proposed the use of two weighted positioning algorithms and a parametric method
to calculate the position of a mobile node in an ad hoc network from a set of distance
estimations to the anchor nodes, calculated from RSS measurements using an imperfect
channel model. The proposed methods aim at reducing the localization errors when the
channel model used for the RSS to distance conversion does not represent very accu-
rately the real propagation characteristics of the radio channel. We have proved through
numerical simulations and real experiments that the weighted algorithms provide better
localization results than the traditional hyperbolic and circular positioning algorithms,
especially when the estimation of the channel model is not very accurate, with a little
increase in the computational cost. With respect to the parametric method, we have seen
that this method reduces the localization errors considerably when the channel model
is badly estimated, but its computational cost is quite high. We have noticed that, as a
general rule, higher computational cost leads to better accuracy in the localization result
and greater robustness with respect to channel estimation errors, thus, some methods
are more suitable for high-accuracy applications (e.g. the parametric method) and oth-
ers for low-consumption applications (e.g. the classical hyperbolic algorithm). However,
some algorithms may be more efficient than others regarding this accuracy-consumption
trade-off, for example, for low density networks, the weighted hyperbolic algorithm out-
performs the traditional circular algorithm both in terms of accuracy and energy con-
sumption.

7.1 Future research directions

In the following we summarize the general open challenges which are still to be resolved,
while we refer to the discussion at the end of each chapter for more detailed research
directions and possible improvements concerning a specific method.

• Analysis of the inter-relations between communications and processing opera-
tions with respect to the accuracy of the localization results and the energy ef-
ficiency. The analysis presented in this thesis for plain RSS-based localization has
considered the communications and the processing operations separately. Future
work should address the combination of these two aspects. In particular, the pro-
posed transmission strategy for energy-efficient RSS-based localization relies on the
assumption that a given number of RSS measurements are needed at each localiza-
tion interval, which is supposed to be known and constant. As a result, the pro-
posed technique is able to guarantee a given accuracy in the distance estimations for
each localization round. However, depending on the positioning algorithm that is
used and on the network characteristics, the accuracy of the position estimates may
be different. The goal should be to analyze all the localization operations as a whole
in order to be able to minimize the energy consumption while guaranteeing a de-
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sired accuracy in the estimated positions. To this end, the influence of the network
characteristics (number of nodes, coverage area, propagation channel, etc.) on the
performance of the localization should be studied and modeled in detail.

• Joint optimization of the localization period, the number of RSS measurements
at each localization round and the transmission power of the localization mes-
sages. In the case of plain RSS-based localization we have proposed a transmis-
sion strategy that optimizes the transmission power and the number of packets
that need to be transmitted during a given localization period, which is assumed
to be constant. On the other hand, we have seen for the case of hybrid localization
systems combining RSS and inertial measurements that the energy consumption
can be reduced by optimizing the localization period and the number of RSS mea-
surements. Considering the joint optimization of all these parameters should lead
to further energy savings, both in plain RSS-based localization and hybrid systems,
and could constitute another line of future work.

• Application of the proposed ideas to other localization techniques. With the wide
spread of location-based services, increasing the accuracy and the energy efficiency
of any kind of localization system is becoming more important. For certain appli-
cations for hand-held devices, users want to be localized with a certain degree of
accuracy, and, at the same time, they would appreciate low consuming methods,
as they will have to charge their mobile device less frequently. Although the tech-
niques proposed in this thesis are targeted at wireless sensor networks, the same
concepts could be applied to other systems in which a wireless device should be
localized by means of radio measurements. Thus, a promising research direction
consists in applying the concepts and ideas presented in this thesis to minimize
the energy consumption of other localization systems, such as WiFi geolocation,
or GPS. Furthermore, the same techniques can be also applied to hybrid localiza-
tion systems combining several localization technologies (GPS + inertial navigation,
WiFi geolocation + inertial navigation, etc.).
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List of Abbreviations

A-GPS: Assisted GPS
AOA: Angle Of Arrival
CDF: Cumulative Density Function
CPU: Central Processing Unit
CRLB: Cramer-Rao Lower Bound
DARPA: Defense Advanced Research Projects Agency
DR: Dead Reckoning
DSN: Distributed Sensor Networks
DSSS: Direct Sequence Spread Spectrum
EMT: Emergency Medical Technician
FHSS: Frequency Hopping Spread Spectrum
GPS: Global Positioning System
GRPR: Golden Receive Power Range
IMU: Inertial Measurement Unit
INS: Inertial Navigation System
IP: Internet Protocol
ISM: Industrial, Scientific and Medical
LLC: Link Layer Control
LOS: Line Of Sight
LQI Link Quality Indicator
MAC: Medium Access Control
MEMS: Micro-Electro-Mechanical Systems
NED: North-East-Down reference system
NLOS: Non Line Of Sight
NORAD: North American Aerospace Defense Command
OFDM: Orthogonal Frequency Division Multiplexing
PC: Personal Computer
PDA: Personal Digital Assistant
PDF: Probability Density Function
PDR: Pedestrian Dead Reckoning
PN: Pseudo Noise
RF: Radiofrequency
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List of Abbreviations

RFID: Radio Frequency Identification
RMS: Root Mean Square
RMSE: Root Mean Square Error
RSS: Received Signal Strength
RSSI: Received Signal Strength Indicator
SIR: Signal to Interference Ratio
SNR: Signal to Noise Ratio
SOSUS: SOund SUrveillance System
SPS: Standard Positioning Service
SS: Spread Spectrum
TCP: Transmission Control Protocol
TOA: Time Of Arrival
UWB: Ultra Wide Band
WiFi: Wireless Fidelity
WLAN: Wireless Local Area Network
WPAN: Wireless Personal Area Network
WSN: Wireless Sensor Network
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